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Abstract
Ultrasound imaging is becoming the modality of choice for many diagnos-
tic and surgical procedures. Besides being inexpensive and safe, ultrasonography is
emerging as a quantitative tool able to image tissue properties. In this dissertation
we focus on elastography and thermal imaging, which both rely on the measurement
of real or apparent motion in ultrasound image sequences.
In ultrasound elastography, signal decorrelation is widely viewed as the major
limiting factor for adoption of into clinical practice. In this dissertation we focus
on improving the robustness of a displacement estimation method based on dynamic
programming, addressing multiple weak points. We propose a set of tools which can
improve its ability to overcome displacement discontinuities and regions of poorly
correlated RF data. The method is further extended to three dimensional data.
Phantom, animal and human studies are presented for experimental validation. The
addition of robust tools results in an improved ability to achieve repeatable, artifact-
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free strain maps, without compromising computational speed.
In thermal imaging, we focus on the estimation of real and apparent motion
while the tissue temperature is increased in an ablation procedure. Estimating heat-
induced echo shifts is a very difficult problem because of their very small amplitude,
on the order of tens of microns. They can easily be masked by other sources of
deformation/movement from the environment such as patient motion or hand tremor.
In this dissertation, we build upon the robust displacement estimation method for
elastography, with the additional deployment of an iterative motion compensation
algorithm. The validation experiments are performed on laboratory induced ablation
lesions, where the ultrasound probe is either held by the operator’s hand or supported
by a robotic arm. We demonstrate the ability to detect and remove non-heat induced
tissue motion at every step of the ablation procedure. Our results exceed the state of
the art in both the accuracy of temperature estimation as well as the length of time
over which temperature estimation can be performed. Previous research in the area
of motion compensation resulted in good results for experiments lasting less than 10
seconds. Our experiments lasted close to 20 minutes.
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Co-advisor: Dr. Emad Boctor (Johns Hopkins Medical Institutions)





There are many people without whom this thesis would not have come to be.
Most importantly, I cannot thank enough my husband, Brian, with whom I share
this accomplishment. He has supported me in ways that I cannot even number. He
gave me the confidence to venture on the paths of my dreams, and then he opened
new ones for me to explore. His love, patience, and encouragement have carried me
throughout the last 12 years, and I am the luckiest person in the world to have had
him alongside me for this journey. Brian, you and the kids continue to give me the
inspiration which uplifts and helps carry me through each new endeavor I undertake,
whether it is teaching, research or a new piece of woodwork.
To my son Martin, to my daughter Penelope and to soon-to-come in this world
little one. I am proud to tell the world that you are my three other PhD contributions.
Although it has not been easy to continually shift focus in the last 5 years between
you and my work, it was thinking of you that made me continue to push forward
v
ACKNOWLEDGMENTS
every day until this dissertation was finally complete.
To my mom and dad, the first engineers and researchers in my life. Desi
m-ati indreptat spre medicina, undeva la un moment dat, materialul genetic si-a
spus cuvantul si am ajuns pe calea care eu cred mi se potriveste cel mai bine. Nu
pot exprima in cuvinte cat de mult ii datoram, si eu si Brian, mamei mele Ilinca,
care nu numai ca a crezut in noi si ne-a incurajat neconditionat pe tot parcursul
doctoratului, dar in plus s-a sacrificat de nenumarate ori venind in ajutorul nostru cu
cresterea copiilor, pentru ca eu si Brian sa putem continue cercetarea. Fara mama,
cu siguranta as fi fost nevoita sa intrerup sau sa renunt la doctorat.
To my in-laws, John and Nancy, whose love and support have surrounded me
from the first time I set foot in their home. A special mention to the motorhome
which saw the first draft of my dissertation. Thank you very much for everything.
To my colleague and friend Hassan Rivaz, who instigated my first interest in
elastography, who mentored me when I was just beginning and with whom I also had
the pleasure to co-develop and teach my first class. Thank you for your friendship
and your continued support.
I have been fortunate to be surrounded by amazing friends, colleagues, staff
and faculty from CIRL, MUSIIC, LCSR, ERC. Thank you all for fun lunches and
coffee breaks, for brainstorming research ideas in the lab or at retreats and simply
vi
ACKNOWLEDGMENTS
for providing such a great environment for growing as a researcher and as a person
throughout my time at Johns Hopkins.
To Dr. Russ Taylor, with whom I took my first steps into research during
the early days of the Eye Project. During those brainstorming sessions, as my first
research mentor, you gave me the confidence to step into research and express my
ideas. I am very thankful for your continued support, for many insightful discussions,
and for your fish stories.
To my co-advisor Dr. Emad Boctor, to whom I owe almost everything I know
about ultrasound. From the first day I expressed interest in ultrasound research, you
encouraged me, supported me and have been a great motivator for my research. You
believed in me and pushed me in new directions while allowing me to come up with
my own ideas and solutions. I have been fortunate to have you as a friend who listens
not just to my rants about research but also about kids.
Finally, to my advisor, Dr Greg Hager, who taught me when I needed to be
taught and let me go when I needed to figure it out on my own. You taught me how
to look at the big picture, how to ask the right questions and how to doubt my own
results. You believed in me and kept supporting me as I tried to be both a mom
and a researcher and I cannot thank you enough for this. I must have tested your





Pentru mama si tata, pe urmele carora am pornit in inginerie si cercetare.
To Brian and my three other PhD contributions: thank you for your uncondi-





List of Tables xvi
List of Figures xvii
1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Thesis Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
x
CONTENTS
1.3 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6
1.4 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
2 Background and Significance 11
2.1 Ultrasound Imaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Motion Estimation in Ultrasound Images . . . . . . . . . . . . . . . . 14
2.2.1 Ultrasound Elastography . . . . . . . . . . . . . . . . . . . . . 14
2.2.1.1 Three Dimensional Ultrasound Elastography . . . . . 20
2.2.2 Thermal Imaging . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.2.3 Ultrasound Elastography Mosaicking . . . . . . . . . . . . . . 23
2.3 Clinical Significance . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.3.1 Prostate Cancer and Laparoscopic Prostatectomy . . . . . . . 24
2.3.2 Hepatocellular Carcinoma and Tumor Ablation . . . . . . . . 29




3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
3.2 Ultrasound Elastography: Prior Work . . . . . . . . . . . . . . . . . . 36
3.2.1 2D Dynamic Programming Displacement Estimation . . . . . 36
3.2.2 2D Analytic Minimization Displacement Estimation . . . . . . 38
3.3 Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . 39
3.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
3.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
3.6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50
4 Robust Displacement Estimation for Ultrasound Elastography 51
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.2.1 Seed RF line selection . . . . . . . . . . . . . . . . . . . . . . 56
xii
CONTENTS
4.2.2 Robust displacement propagation . . . . . . . . . . . . . . . . 60
4.2.3 Robust 2D elastography method with multiple seed lines . . . 62
4.2.4 Robust 3D elastography with multiple seed lines . . . . . . . . 67
4.3 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 71
4.3.1 Displacement estimation in 2D phantom data . . . . . . . . . 71
4.3.2 Displacement estimation in 2D human prostate ex vivo data . 77
4.3.3 Displacement estimation in 2D human liver ablation in vivo data 84
4.3.4 Displacement estimation in 3D Phantom Data . . . . . . . . . 89
4.3.5 Displacement estimation in 3D in vivo porcine liver ablation data 91
4.4 Conclusion and future work . . . . . . . . . . . . . . . . . . . . . . . 92
5 Ultrasound Elastography Mosaicking 94
5.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
xiii
CONTENTS
5.2.1 2D Pair-wise Mosaicking . . . . . . . . . . . . . . . . . . . . . 98
5.2.1.1 Algorithm Overview . . . . . . . . . . . . . . . . . . 100
5.2.2 2D Multi-image Mosaicking . . . . . . . . . . . . . . . . . . . 101
5.2.2.1 Algorithm Overview . . . . . . . . . . . . . . . . . . 103
5.2.3 3D Elastography Mosaicking . . . . . . . . . . . . . . . . . . . 104
5.3 2D Mosaicking Experimental Setup . . . . . . . . . . . . . . . . . . . 106
5.3.1 Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
5.3.2 Phantom Results . . . . . . . . . . . . . . . . . . . . . . . . . 110
5.4 3D Mosaicking Experimental Setup . . . . . . . . . . . . . . . . . . . 110
5.4.1 Phantom Results . . . . . . . . . . . . . . . . . . . . . . . . . 113
5.5 Conclusion and Future Work . . . . . . . . . . . . . . . . . . . . . . . 113
6 Thermal Imaging 114
6.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
xiv
CONTENTS
6.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117
6.2.1 Low-Motion Area Masks . . . . . . . . . . . . . . . . . . . . . 121
6.3 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
6.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 126
6.4.1 Motion Detection . . . . . . . . . . . . . . . . . . . . . . . . . 126
6.4.2 Improving Heat-Induced Strain Maps . . . . . . . . . . . . . . 131
6.5 Discussion and Conclusion . . . . . . . . . . . . . . . . . . . . . . . . 150
7 Conclusions and Future Work 152
7.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152





1.1 Thesis chapters and the corresponding thesis contributions. . . . . . . 8
3.1 Prostate specimen data: A total of ten elastography lesions were identi-
fied in six human prostate specimens (eight malignant and two benign).
PZ = peripheral zone, CG = central gland . . . . . . . . . . . . . . . 43
3.2 Lesion size (cm2) as detected by elastography and MRI vs pathology:
t-test results. Mean, standard deviation (StDev) and standard error
of mean (SEM) are presented for each group. . . . . . . . . . . . . . 44
4.1 Percentage distribution for seed RF lines, given multiple values for w
(smoothness regularization parameter) . . . . . . . . . . . . . . . . . 74
6.1 Amplitude of detected non-heat-induced motion in hand-held and robot-
held probe experiments (in mm) . . . . . . . . . . . . . . . . . . . . . 128
6.2 Amplitude of detected non-heat-induced motion in hand-held vs. robot-
held probe experiments: t-test results. Mean, standard deviation
(StDev) and standard error of mean (SEM) are presented for each
group. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129
6.3 Axial strain SNR and CNR in hand-held and robot-held probe exper-
iments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139
xvi
List of Figures
2.1 Illustration of A-mode ultrasound imaging and the pulse-echo tech-
nique (J. L. Prince and J. Links, Medical Imaging Signals and Systems.
Prentice Hall, 2005) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.2 Anatomical illustration of the nerve-sparing prostatectomy technique.
Courtesy of Dr. Arthur L. Burnett . . . . . . . . . . . . . . . . . . . 27
2.3 Radiofrequency ablation (RFA) in liver cancer (hepatocellular carcinoma) 31
3.1 Ultrasound elastography data collection process using the sextant ap-
proach; RF data was acquired in axial planes (1 - 6) from the gland’s
base towards the apex. For illustration purposes, a lesion is outlined
in the left mid section, peripheral zone of the specimen, similar with
specimen #3 of our study . . . . . . . . . . . . . . . . . . . . . . . . 41
3.2 Coronal section of prostate specimen #1 at the level of the central
gland. Classic ultrasound B-mode (A) and elastogram (B). 9.4 Tesla
ex vivo (C) and 3 Tesla in vivo (D) MRI images are presented in coronal
planes, after CCW (counter clock wise) rotation for better visualization
of the correlation between USE and MRI of the specimen. Benign solid
(arrow) and soft (dashed arrow) nodules and urethra are visible. . . . 45
xvii
LIST OF FIGURES
3.3 Axial section of prostate specimen #1 peripheral zone. Left lateral
section of the prostate’s base; classic ultrasound B-mode (a) and elas-
togram (b). Hard lesion is outlined, arrows point to adjacent nodule.
(c) Hematoxylin & eosin stained histological section of prostate base.
The tumor (Gleason score 3+5 = 8, outlined in black) extended be-
yond the prostatic capsule in this section and invaded the left seminal
vesicle (arrow). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
3.4 B-mode image (left) and elastogram (right) from specimens # 2-6.
Dark regions at the very bottom of elastograms represent structures
outside the prostate tissue (e.g. operating table). The border of the
prostatic tissue can be easily noticed as a highly reflective band at the
bottom of B-mode images. . . . . . . . . . . . . . . . . . . . . . . . . 48
4.1 Prostate specimen #1: the final elastogram depends on the selection
of the seed RF line. In (a), some structures are wrongly identified as
soft (arrow) or hard (dashed arrow). In (b), multiple artifacts (arrows)
obscure the real structures. Elastogram (c) agrees with the pathology
report. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.2 Integer DP displacement estimation in tissue-mimicking phantom for
seed RF lines 249 - 255 (a). Note the areas (for lines 250 and 252 re-
spectively) which exhibit a visible difference in displacement estimate.
Strain images with corresponding artifacts for seed lines 250 (b) and
252 (d), and artifact-free for seed line 251 (c). . . . . . . . . . . . . . 54
4.3 Displacement slope. The three data points where the change in slope
is exhibited could be consecutive (a) or not (b) . . . . . . . . . . . . . 59
4.4 Algorithm flowchart. Left side represents the seed selection step, while
right side presents the displacement propagation decisions. If the
thresholds are not met, propagation stops and the remaining portion
of the RF frame will be treated as a new sub-image Ik+1, where a new
seed RF line will need to be selected. . . . . . . . . . . . . . . . . . . 63
4.5 Algorithm flowchart: visualization. Part 1: seed selection. Seed candi-
dates (a), Remaining seed candidates after slope criterion applied (b),
Selected seed (c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
xviii
LIST OF FIGURES
4.6 Algorithm flowchart: visualization. Part 2: Displacement propagation.
Displacement estimation for the adjacent line pair (a), Displacement
propagation continues until unsuitable line pair is encountered (b), A
new sub-image is formed and with new seed candidates (c). . . . . . 66
4.7 3D wobbler transducer principles: data acquisition and 3D volume
reconstruction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
4.8 Overview of the TrUE approach. Given r and θ, each RF slice within
a volume is localized. Courtesy of Foroughi et al [37]. . . . . . . . . 70
4.9 CIRS breast phantom 059. The elasticity of each dense mass is at least
two times greater than the elasticity of the background, which has an
elastic modulus of 20kPa± 5kPa. They range in size between 3 to 10
mm (b) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
4.10 Breast phantom data. Integer displacement was estimated using dy-
namic programming method on each RF line pair (#13 - 498). Many
areas prone to produce artifacts are relatively easy to identify (arrows). 73
4.11 Examples of artifacts in strain images for various values of w. First row
represents strain images originating from seed RF line #487, second
row from seed RF line #55. Seed line is emphasized in color yellow. . 73
4.12 Box and whisker plot: Instability metric As ( averaged over w = 0.2,
0.25, 0.3, 0.35). Values corresponding to the artifact producing lines
are shown in blue while the robust lines are shown in red. . . . . . . . 76
4.13 Box and whisker plot: magnitude of normalized cross-correlation C.
Values corresponding to the artifact producing lines are shown in blue
while the robust lines are shown in red. . . . . . . . . . . . . . . . . . 77
4.14 Improvement in estimated displacement correlation: original elastogram
(a), improved, artifact-free elastogram with the addition of the robust
tools (b) and correlation ratio line by line (c). . . . . . . . . . . . . . 79
xix
LIST OF FIGURES
4.15 Prostate data set example: correlation values for each line pair (a),
forward correlation for displacement propagation in I11 (b), and I12
(c). seed line is shown by dotted line in (a). Also shown are breaking
points due to low correlation values (circles) . . . . . . . . . . . . . . 81
4.16 Prostate data set example: Illustration of a sub-image without robust
seed lines. Sub-image I11 is defined at the left of the frame. (a) Elas-
togram with artifact (arrow) inside sub-image I11, where the value of
threshold τ is set lower than 75% , (b) τ = 75%. In the absence of
any robust seed lines, displacement is propagated from the adjacent
sub-image, resulting in an artifact-free elastogram. . . . . . . . . . . . 85
4.17 RF ablation therapy of liver cancer patient 2. All imaging was acquired
after the ablation. B-mode (a), Elastography with the robust method
(b) - The thermal lesion shows in as dark, surrounded by normal tissue
in white., CT with delineated thermal lesions (c) and Elastography
without the robust method (d-f). . . . . . . . . . . . . . . . . . . . . 86
4.18 RF ablation therapy of liver cancer patient 1. All imaging was acquired
after the ablation. B-mode (a), Elastography with the robust method
(b) - The thermal lesion shows in as dark, surrounded by normal tissue
in white., CT with delineated thermal lesions (c) and Elastography
without the robust method (d-f). . . . . . . . . . . . . . . . . . . . . 88
4.19 RF ablation therapy of liver cancer patient 3. All imaging was acquired
after the ablation. B-mode (a), Elastography with the robust method
(b) - The thermal lesion shows in as dark, surrounded by normal tissue
in white., CT with delineated thermal lesions (c) and Elastography
without the robust method (d-f). . . . . . . . . . . . . . . . . . . . . 88
4.20 Elastogrpahy phantom (CIRS, Norfolk, VA) model 049a, presents mul-
tiple stepped cylinders of varying diameters and levels of stiffness. . . 89
xx
LIST OF FIGURES
4.21 Phantom model 49a: the cross-section of all three cylinders with differ-
ent elasticity values can be detected in the elastogram. (a) From left to
right, the elasticity of the cylinders is 80 kPa, 45 kPa and 14 kPa, vs.
25 kPa for the background. The harder cylinders appear darker and
the softer one appears brighter than the background. (b) middle hard
cylinder in axial-lateral view, (c) soft cylinder in axial-lateral view, (d)
middle hard cylinder in elevational-lateral view, (e) soft cylinder in
elevational-lateral view. . . . . . . . . . . . . . . . . . . . . . . . . . . 90
4.22 Ex-vivo hepatic ablation. (a) 3D transducer positioned on top of liver
during elastography scan; (b) and (c) Cross-sections of the ablated
regions with ruler visible; (d-f) Middle cross-sections of strain volume
for ablated lesion #1 and (g-i) lesion #2. . . . . . . . . . . . . . . . . 93
5.1 Experimental setup. . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
5.2 Bmode ultrasound data before and after compression for (a) position
t0, and (b) position t1. . . . . . . . . . . . . . . . . . . . . . . . . . . 99
5.3 Bmode ultrasound data: translation Tlines and the length of the overlap
area. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
5.4 Pair-wise Mosaicking workflow: (a) overlap area, (b) candidate seed
lines, (c) seed line selection, (d) displacement propagation in the two
sub-images. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
5.5 Pair-wise Mosaicking workflow, continued: (a) displacement is stitched
along the seed line and, (b) the mosaicked elastogram is obtained from
the unified displacement field. . . . . . . . . . . . . . . . . . . . . . . 103
5.6 Ultrasound elastography from data acquired at position t0 (a), t1 (b),
t2 (c), t3 (d). Yellow line represents a reference line to illustrate the mo-
tion between the positions. Red arrow shows the transducer’s direction
of motion during data acquisition. . . . . . . . . . . . . . . . . . . . . 108
5.7 Ultrasound elastography mosaics of positions t0 and t1 (a), t0, t1 and
t2 (b), and t0, t1, t2 and t3 (c). Stitching lines are shown in yellow. . . 109
xxi
LIST OF FIGURES
5.8 Panoramic displacement map of positions t0 and t3 (a), and of positions
t0, t1, t2 and t3 (b), the absolute difference between them (c), and the
mean and standard deviation of this difference, per line (d). The unit of
displacement is pixels. Corresponding ultrasound elastography mosaics
of positions t0 and t3 (e), and t0, t1, t2 and t3 (f). . . . . . . . . . . . 111
5.9 3D ultrasound elastography mosaic: axial-lateral plane (a), lateral-
elevational plane (b), and three axial-elevational planes through the
three different diameters of the stepped cylinders (c, d, e) . . . . . . . 112
6.1 Low-motion area masks for the hand-held probe experiment. Top row:
geometric mask with 20 mm diameter. Bottom row: Axial strain based
mask with x = 5 (lowest 5% of strain range). . . . . . . . . . . . . . 122
6.2 Experimental setup for data collection. The ex vivo chicken breast
tissue was heated using a pulser/receiver HIFU ablation device. Also
visible in the image are the ultrasound probe and the passive arm used
to support the transducer in one part of the experiment. . . . . . . . 123
6.3 Screen capture of the MUSIIC RF server data acquisition system. Vis-
ible on conventional B-mode ultrasound image of the tissue are the
ablator probe tip and also the tip of the temperature reading probe. 125
6.4 Gross pathology of ex vivo tissue. Cross-sections of the ablated regions
with ruler visible. Also visible is the position of the ablation probe, at
the center of the ablated tissue. First hand-held probe experiment (a),
second hand-held probe experiment (b) and robot-held probe experi-
ment (c). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
6.5 Algorithm detected motion in robot- (right most column) versus hand-
held probe (left columns) data sets. Each row corresponds to a different
mask used during IMC, from top to bottom: geometric mask (20 mm
diameter), axial strain based masks with thresholds given by x = 5, 10
and 15 % of the strain range . . . . . . . . . . . . . . . . . . . . . . . 128
6.6 Axial strain in the first hand-held probe experiment. Original strain
at the ten data collection points (a). Strain after IMC, from top to
bottom: geometric mask (b), axial strain based masks with thresholds
given by x = 5, 10 and 15 % of the strain range (c-e). . . . . . . . . . 132
xxii
LIST OF FIGURES
6.7 SNR and CNR of axial strain in the first hand-held probe experiment.
Background and target windows a shown in (a). . . . . . . . . . . . 133
6.8 Axial strain in the second hand-held probe experiment. Original strain
at the ten data collection points (a). Strain after IMC, from top to
bottom: geometric mask (b), axial strain based masks with thresholds
given by x = 5, 10 and 15 % of the strain range (c-e). . . . . . . . . . 134
6.9 SNR and CNR of axial strain in the second hand-held probe experi-
ment. Background and target windows a shown in (a). . . . . . . . . 135
6.10 Axial strain in the robot-held probe experiment. Original strain at the
ten data collection points (a). Strain after IMC, from top to bottom:
geometric mask (b), axial strain based masks with thresholds given by
x = 5, 10 and 15 % of the strain range (c-e). . . . . . . . . . . . . . . 136
6.11 SNR and CNR of axial strain in the robot-held probe experiment.
Background and target windows a shown in (a). . . . . . . . . . . . . 137
6.12 Two regions of interest (ROI1 red and ROI2 blue) were selected at
equal distances to the ablator probe, to the temperature reading probe
(both yellow) and to each other. (b) Temperature readings from the
first hand-held probe experiment (top subplot), followed by subplots
presenting axial strain measurements in ROI1 (left column) and ROI2
(right column). From top to bottom: geometric mask (20 mm diame-
ter), axial strain based masks with thresholds given by x = 5, 10 and
15 % of the strain range Mean axial strain values were calculated for
every time step (black dots); the confidence region (mean± 1 ∗ stdev)
is shown as a shaded area. . . . . . . . . . . . . . . . . . . . . . . . . 141
6.13 Two regions of interest (ROI1 red and ROI2 blue) were selected at
equal distances to the ablator probe, to the temperature reading probe
(both yellow) and to each other. (b) Temperature readings from the
second hand-held probe experiment (top subplot), followed by subplots
presenting axial strain measurements in ROI1 (left column) and ROI2
(right column). From top to bottom: geometric mask (20 mm diame-
ter), axial strain based masks with thresholds given by x = 5, 10 and
15 % of the strain range Mean axial strain values were calculated for
every time step (black dots); the confidence region (mean± 1 ∗ stdev)
is shown as a shaded area. . . . . . . . . . . . . . . . . . . . . . . . 142
xxiii
LIST OF FIGURES
6.14 Two regions of interest (ROI1 red and ROI2 blue) were selected at
equal distances to the ablator probe, to the temperature reading probe
(both yellow) and to each other. (b) Temperature readings from the
robot-held probe experiment (top subplot), followed by subplots pre-
senting axial strain measurements in ROI1 (left column) and ROI2
(right column). From top to bottom: geometric mask (20 mm diame-
ter), axial strain based masks with thresholds given by x = 5, 10 and
15 % of the strain range Mean axial strain values were calculated for
every time step (black dots); the confidence region (mean± 1 ∗ stdev)
is shown as a shaded area. . . . . . . . . . . . . . . . . . . . . . . . 144
6.15 Axial strain in the first hand-held probe experiment, before and after
removal of outliers. Original strain at the ten data collection points is
shown on the top row (a). The strain in the remaining rows was gen-
erated using mask A for IMC: before (b) and after (c) outlier removal.
Note the missing strain data for outlier cycles. . . . . . . . . . . . . . 145
6.16 Temperature readings from the first hand-held probe experiment (top
subplot), followed by subplots presenting axial strain measurements in
ROI1 (left column) and ROI2 (right column), before (middle row) and
after (bottom row) outlier removal. Note the missing strain data for
outlier cycles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
6.17 Axial strain in the first hand-held probe experiment, before and after
removal of outliers. Original strain at the ten data collection points is
shown on the top row (a). The strain in the remaining rows was gen-
erated using mask C for IMC: before (b) and after (c) outlier removal.
Note the missing strain data for outlier cycles. . . . . . . . . . . . . . 147
6.18 Temperature readings from the first hand-held probe experiment (top
subplot), followed by subplots presenting axial strain measurements in
ROI1 (left column) and ROI2 (right column), before (middle row) and
after (bottom row) outlier removal. Note the missing strain data for
outlier cycles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148
6.19 Axial strain in the second hand-held probe experiment, before and
after removal of outliers. Original strain at the ten data collection
points is shown on the top row (a). The strain in the remaining rows
was generated using mask A for IMC: before (b) and after (c) outlier
removal. Note the missing strain data for outlier cycles. . . . . . . . . 149
xxiv
LIST OF FIGURES
6.20 Temperature readings from the second hand-held probe experiment
(top subplot), followed by subplots presenting axial strain measure-
ments in ROI1 (left column) and ROI2 (right column), before (middle
row) and after (bottom row) outlier removal. Note the missing strain





The field of medical imaging is advancing at a rapid pace. Medical imaging
modalities like x-ray radiography, computed tomography (CT), nuclear imaging and
magnetic resonance imaging (MRI), are being used in laboratories and hospitals today
not only to visualize anatomical structures, but also to detect diseases and plan
surgical interventions. Ultrasound imaging stands out as the cheapest and safest
imaging modality. It does not require special imaging rooms or expensive additional
hardware which has made ultrasound available all over the world.
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Fueled by other technological advances and also by growing computational
power, basic ultrasound research has experienced a renaissance in the past decade,
leading to several innovations in flow mapping [31], measurement of optical proper-
ties [67], beamforming [116,68] and image enhancement [109,73,87]. Research devel-
opments have also transformed ultrasonography from a qualitative tool for imaging
soft tissue into a quantitative tool for measuring tissue properties. In particular, two
cases have seen increased interest in recent years: 1) measurement of tissue stiff-
ness (known as strain imaging or elasticity imaging), and 2) measurement of change
in tissue temperature (known as thermal imaging). Both elastography and thermal
imaging rely fundamentally on the measurement of real or apparent motion in ultra-
sound image sequences.
In quasi-static elastography, ultrasound images are compared pre- and post-
compression to estimate a motion/displacement map. The strain map is generated
by differentiating the displacement in the axial direction. When the ultrasound probe
is held by a human operator, the elastography is often referred to as ”freehand elas-
tography”. The basis of elastography have been established by Ophir in 1991 [83]
and many possible clinical applications have since emerged. Elastography has been
assessed as a tool for detection of tumors, most notably in breast ([40, 45, 49]) and
prostate cancer ([21, 114, 98]). Other potential clinical areas include monitoring tu-




Despite many advances, ultrasound elastography is still not routinely used in
clinical practice. The main limitations of current strain imaging systems are:
1. The inability to achieve repeatable, user independent strain images,
2. The need for elastograms with higher strain signal-to-noise-ratio (SNR),
3. The inability to compute strain images/volumes fast enough to be displayed in
real-time.
The displacement/motion estimation step is arguably the most important part
in overcoming elastography’s challenges. In order to achieve repeatable results, the
algorithm has to deal with varying degrees of compression from different operators.
In addition, the operator needs to apply careful, optimal compression in order to
minimize the potential for global and local decorrelation between pre- and post-
compression ultrasound signals which usually affects the signal-to-noise-ratio (SNR).
In in vivo data, other sources of decorrelation could also affect the computation
of strain images, such as incoherent fluid (blood) motion, out-of-plane motion of
structures within one image due to transducer or respiratory motion, and sub-sample
speckle motion. There are several techniques to recover the displacement between pre-
and post- compression ultrasound data, including normalized cross-correlation [83],
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phase zero estimation [86], and dynamic programming [93, 92]. Decorrelation affects
negatively correlation-based methods which use window/block matching, as it intro-
duces significant noise into the displacement map. Large tissue deformations which
would be desirable for high SNR [91,123,43] are also not well tolerated by correlation-
based methods. Using small segments/blocks for signal matching can lead to errors
in finding the right time shift between pre- and post-compression signals, while the
use of larger blocks would introduce noise and lower the SNR.
In this thesis we focus on improving on the robustness and accuracy of a dis-
placement estimation method based on dynamic programming [92]. We propose a set
of tools which can improve its ability to overcome displacement discontinuities and re-
gions of poorly correlated RF data. We then extend the method to three dimensional
data. In order to minimize decorrelation, we first employ the method of Foroughi et
al for frame selection [37], followed by the robust displacement estimation on each
frame pair. Combining the strengths of both techniques allows for fast displacement
estimation. We limit the use of the dynamic programming to one RF line pair per
frame, while all the other steps of the algorithm are highly parallelizable, thus greatly
decreasing the computational time.
For thermal imaging, monitoring the ablation of tumors in hepatocellular car-
cinoma has been one of the recent areas of research. The challenge in thermal imaging
is estimating the real and apparent tissue motion between two ultrasound data frames
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acquired during the ablation procedure. The shifts in the RF echo signals are caused
primarily by variations in the speed of sound in tissue with temperature. A secondary
cause for changes in the echo signals is the thermal expansion of tissue with heat-
ing [65]. The motion produced by the changes in the speed of sound is apparent or
virtual, while thermal expansion of the tissue introduces an actual physical shift in
the scatterer positions.
As thermal imaging attempts to estimate very small tissue motion (on the
order of tens of microns), it can be negatively influenced by signal decorrelation.
Patient’s breathing and cardiac cycle generate shifts in the RF signal patterns. Other
sources of movement could be found outside the patients body, like transducer slippage
or small vibrations due to environment factors like electronic noise. Researchers
observed that these signal shifts can easily mask the very small temperature-induced
tissue displacement. Solutions have been proposed for detecting and compensating
for this non-heat induced tissue motion, with most approaches involving the use of
signal filtering or smoothing [106,7, 28].
In this thesis we develop a robust method for heat-induced strain mapping.
Initial displacement is estimated using the dynamic programming method [93, 92]
with the additional tools developed for ultrasound elastography. The method is then
enhanced through an iterative motion compensation algorithm which can detect and




Robust methods for motion estimation in ultrasound images help overcome
displacement discontinuities and regions of poorly correlated RF data. This results
in an improved ability to achieve repeatable, artifact-free strain maps, without com-
promising computational speed. In thermal imaging, estimation of heat-induced echo
strain can be further improved by detecting and removing unwanted motion from the
environment which would otherwise mask the very small heat-induced tissue displace-
ments.
1.3 Contributions
This thesis addresses limitations of current displacement estimation techniques
in ultrasound imaging. We briefly summarize the major contributions of this disser-
tation as follows:
1. We present a robust algorithm which improves on the dynamic programming
displacement estimation method [92], in its ability to overcome displacement
discontinuities and poorly correlated regions. Signal decorrelation is widely
viewed as the major limiting factor for adoption of ultrasound elastography
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into clinical practice. Our contribution is important as it improves the abil-
ity to obtain real-time, repeatable, user independent elastograms. The robust
implementation addresses multiple weak points in the Rivaz method [92]:
• By addressing the selection of the seed RF line, our method insures a
robust, stable starting point for the algorithm.
• By controlling the displacement propagation step, we provide true displace-
ment in regions which would otherwise be negatively affected by decorre-
lation artifacts.
We evaluate the method on tissue mimicking phantoms and we explore appli-
cations to detection of cancerous nodules in the prostate gland during radical
prostatectomy.
2. We extend the robust displacement estimation method to three dimensions by
pairing it with the frame selection algorithm of Foroughi et al [37]. Combining
the strengths of both techniques minimizes the effects of signal decorrelation.
We validated the 3D method on human in vivo data from hepatocellular carci-
noma ablation.
3. We develop additional tools for heat-induced echo strain estimation in thermal
imaging. After the initial robust displacement estimation, an iterative motion
compensation algorithm is deployed which can detect and filter displacement of
tissue due to other sources of deformation/movement. Estimating heat-induced
7
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Table 1.1: Thesis chapters and the corresponding thesis contributions.
Chapter number Title Contributions
2 Background and Significance -
3 Ultrasound Elastography as an Imaging Tool Dur-
ing Prostatectomy: Initial Experience
-
4 Robust Displacement Estimation for Ultrasound
Elastography
1,2
5 Ultrasound Elastography Mosaicking 4
6 Thermal imaging 3
7 Conclusions and Future Work -
echo shifts is a very difficult problem because of their very small amplitude, on
the order of tens of microns. We show that removing extraneous motion helps
unmask the effects of heating. The method is evaluated on ablated lesions in
ex vivo tissue.
4. We develop an algorithm for generating reliable multi-image ultrasound elastog-
raphy mosaics, robust to poorly correlated regions. For proof-of-concept, the
method is evaluated in a controlled laboratory setup on 2D and 3D data from
tissue-mimicking phantoms.
The correspondence between the thesis contributions and each chapter is pre-




We begin Chapter 2 by first providing the reader with the necessary back-
ground concepts in ultrasound imaging and elastography. We explore various methods
for motion estimation which are used in elastography, but also for thermal imaging.
The medical impact is underlined by presenting two potentially clinically significant
applications: prostate cancer and hepatocellular carcinoma.
In Chapter 3 we introduce to the reader the regularized dynamic program-
ming displacement estimation technique by Rivaz [92], followed by results of a study
evaluating the efficacy of ultrasound elastography as a tumor detection tool in prostate
cancer.
Chapter 4 focuses on the robust displacement estimation method for ultra-
sound elastography. We first analyze the drawbacks of the Rivaz technique with re-
spect to the in vivo prostate investigation from Chapter 3. Tools are then introduced
for robust seed RF line selection and for correlation-guided displacement propagation.
The effects of signal decorrelation are then presented in a tissue mimicking phantom
data set. A 3D extension of the robust method is introduced, followed by experimen-
tal results from 2D phantoms, 2D ex vivo prostate data, 3D phantoms and 3D in vivo
porcine hepatic tissue following thermal ablation.
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In Chapter 5 we propose an algorithm for ultrasound elastography mosaick-
ing. Methods and experimental results are presented for 2D pair-wise, 2D multi-image
and 3D multi-volume mosaicking. Tissue mimicking phantoms are used in an exper-
imental evaluation, under a controlled laboratory setup.
Displacement estimation methods for thermal imaging are presented in Chap-
ter 6. Using an iterative motion compensation approach, we attempt to detect and
remove extraneous, non heat-induced tissue motion. The efficacy of the method is
evaluated on ablated lesions using ex vivo chicken breast tissue.






Sound waves are the organized vibrations of atoms or molecules in a medium.
Ultrasound represents sound waves generally above 20 kHz, with medical ultrasound
usually in the 1 to 10 MHz range. The basic principle of ultrasound imaging can be
described as follows [20]:
An ultrasound pulse is transmitted into tissue where it encounters interfaces
and scatters that produce echoes (reflections) as the pulse penetrates tissue. The echoes
are recorded and their magnitude and timing are used to form an image.
11
CHAPTER 2. BACKGROUND
The component that generates the pulses and measures the echoes is a piezo-
electric crystal. Piezoelectric crystals, often referred to as transducers, can be used for
ultrasound transmission and reception. They are the interface between the electronic
circuits of an ultrasound machine and the physical world.
In ultrasound A-mode imaging, a transducer with a single piezoelectric ele-
ment is excited with a voltage spike to transmit a pulse. As the pulse travels into
the tissue, it generates echos from the reflections at tissue boundaries. The intensity
of the returning echos is converted into voltage signals, which are commonly referred
to as the radio-frequency (RF) signal. The voltage signals can be recorded, digitized
and processed in order to be displayed on a computer monitor as an image. The
total time between the initial pulse and the echo is proportional to the depth of the
boundary, while the amplitude of the echo is proportional to the difference in acoustic
impedances at the tissue boundaries. These two pieces of information, coupled with
a known or approximate value for the speed of sound in the imaged tissue, allow a
one-dimensional mapping of the tissue boundaries along the line of propagation of
the pulse. The pulse-echo technique of A-mode imaging produces 1D signals (Figure
2.1), where the amplitude of the echoes are displayed to the user as a function of
depth.
B-mode imaging is the natural extension of A-mode imaging into 2D. A
modern ultrasound hand-held probe contains a line of piezoelectric elements. Instead
12
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Figure 2.1: Illustration of A-mode ultrasound imaging and the pulse-echo technique
(J. L. Prince and J. Links, Medical Imaging Signals and Systems. Prentice Hall, 2005)
of displaying the amplitude versus distance, here brightness is used, hence the B
in B-mode. The RF signals are combined in columns and the resulting 2D image
contains pixels of brightness, calculated as the logarithmically scaled envelope of the
RF signal at each depth/location.
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2.2 Motion Estimation in Ultrasound Im-
ages
In this dissertation, we focus on estimating the motion between two ultra-
sound images acquired at two different times. We expand below on two ultrasound
technologies which could benefit from robust, accurate motion estimation: ultrasound
elastography and thermal imaging.
2.2.1 Ultrasound Elastography
Physicians have used palpation for thousands of years and for some diseases it
is still the primary diagnostic tool. Examples include breast self-examination for early
detection of breast lumps and digital rectal examination for prostate cancer nodules.
Palpation is so effective as a medical tool because many diseases cause changes in
the mechanical properties of tissues. Various inflammatory and neoplastic processes
result in an increase in stiffness or elastic modulus of the tissue. It is also worth noting
that surgeons routinely use manual palpation intra-operatively in open procedures,




Several years ago, Ophir et al [83] introduced a new method termed elastog-
raphy for direct ultrasound imaging of the stiffness of tissues. Emulating manual
palpation, the tissue was compressed and apparent motion of regions of the image
were compared. From this information, measurements related to tissue stiffness were
computed.
The main components of elasticity imaging are:
1. Data capturing during externally or internally applied tissue motion or defor-
mation,
2. Evaluation of tissue response, and,
3. Reconstruction of the elastic modulus or other physical properties based on the
theory of elasticity, which usually results in a map/image of the tissue.
Static elasticity methods involve applying compression directly to the tis-
sue [83,80,81], while dynamic ones induce motion by applying a low-frequency vibra-
tion to the tissue [55,58,57,129,1]. Many literature reviews describe various dynamic
and static elasticity imaging techniques [39, 82, 43, 44, 84]. In Acoustic Radiation
Force Impulse (ARFI) Imaging the excitation is applied internally. In addition to
the conventional ultrasound beams for imaging (called tracking beams), ARFI uses
the ultrasound beams to to also push the target tissue (called pushing beams) [78].
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In all three methods, RF signals are acquired before and after tissue excitation and
are then used to estimate tissue motion. Vibro-elastography is an extension of static
elastography where the tissue is externally vibrated over a range of frequencies simul-
taneously and the resulting displacement is recorded at multiple locations and time
instants with a sequence of ultrasound images [118]. For some elasticity methods the
final resulting image maps physical parameters, like Young’s modulus and Poissons
ratio, while others provide a more qualitative image of stiffness distribution in tis-
sue. Vibro-elastography methods have been used to estimate visco-elastic properties
of tissue like viscosity and density [118, 30]. The literature refers to measurements
acquired under static and dynamic excitation collectively as elasticity imaging.
Among the techniques used for tissue displacement estimation in quasi-static
elastography, two have been studied in depth: correlation based approaches and
phase-based methods. The method as first proposed by Ophir et al [83] used cor-
relation maximization between windows/segments of RF signal from the pre and
post-deformation A-line pairs. It still remains the most widely used method today.
The reference window is translated in small overlapping steps along the RF line and
a time shift t1..n is estimated for each n segment pairs. Time shifts are indicative of
tissue response, where stiffer tissues move less under compression, while soft tissues
would exhibit a larger motion. The strain image is produced by displaying a unified






; i = 1..n (2.1)
where si represents the strain estimate for segment pair i, dz is the amount
of applied compression in the axial direction and c is the speed of sound through the
respective tissue.
The second dominant approach for tissue displacement estimation was pio-
neered by ODonnell et. al. [80, 81], who showed that there is a direct relationship
between the relative displacement between two windows and the phase of the complex
correlation between baseband signal windows. At time t, the baseband representation
of two signals x1(t) and x2(t) are [80,81]:
x̃1(t) = A(t− τ1)e−iω0τ1 , (2.2)
x̃2(t) = A(t− τ2)e−iω0τ2 , (2.3)
where A is the real envelope of the transceived pulse, ω0 is the angular frequency of
the ultrasound carrier, and τ is the round-trip propagation time from the transducer











2(t+ τ)dτ = A(t− τ1)A(t− τ2)e−iω0(τ2−τ1), (2.4)
The time delay between x1(t) and x2(t) can be estimated from the zero phase












where c is the speed of sound.
Despite ongoing progress, ultrasound elastography needs to overcome some
challenges before a successful adoption into clinical use. The displacement estimation
step plays a very important role as it has arguably the biggest impact on the speed
and accuracy of elasticity algorithms. Every method of displacement estimation can
be negatively impacted however, by signal decorrelation. Many enhancements to
the displacement estimation step have been proposed to reduce signal decorrelation
effects, most notably signal companding (compression and expanding) [15, 123, 18].
Axial stretching can only compensate for decorrelation due to scatterer motion in the
axial direction; decorrelation due to lateral and elevational motion or other sources
do not benefit from these methods. In addition, there has been active research in
improving the quality of strain estimation. Tracking approaches have focused on
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the way the displacement map is accumulated. Assuming displacement continuity,
Pesavento et al.[86] and Zhu et al. [131] were the first to propose elastography al-
gorithms where each point’s displacement is initialized to the previously calculated
displacement value of it’s neighbor. Other row-to-row tracking algorithms have been
proposed [63] and similar techniques have been developed for column [50, 51], diag-
onal [130] or other [63, 117] directions of propagation. Chen et al. [19] rejected the
displacement continuity assumption and implemented an algorithm governed by the
presence of high-quality data areas, where displacement is propagated around these
regions first and poorly correlated data segments are estimated last (or not at all), in
order to limit their overall influence.
In general, these post-processing steps improve signal quality, but they also
introduce significant computation demands, making it challenging to display elas-
tograms in real-time. The ability to display the strain map in real-time to the user
is very valuable in the medical community, where such capability greatly increases
the potential elastography might become the tool of choice for image guided surgical
interventions. The speed of the displacement estimation becomes even more impor-
tant in three-dimensional elasticity imaging, where the volume of the data increases
computational demands. Jiang el al [51] and Rivaz et al. [93] were the first to frame
the displacement estimation as an optimization problem solved by dynamic program-
ming. Rivaz et al [92] greatly improved the speed of the displacement estimation
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without sacrificing accuracy. The 2D Analytic Minimization (AM) method uses dy-
namic programming to estimate 2D sub-pixel displacement values on one seed axial
RF line, which are later propagated line-by-line throughout the entire image.
2.2.1.1 Three Dimensional Ultrasound Elastography
The first 3D ultrasound imaging systems used conventional arrays which were
mechanically translated in the elevational direction [32]. Similarly, 3D strain imaging
was first attempted by comparing pairs of images acquired at each position in the
elevational direction. Keeping the applied compression between adjacent frame pairs
constant or within very little variation becomes very important [100, 62]. A second
technique for 3D strain imaging is to acquire the pre- and post-compression volumes
sequentially. A small pressure is applied to the tissue between volume acquisitions
using a mechanical or simulated fixture [56,64,4,27,34,35], or by freehand compression
[117]. Both methods are slow and cumbersome in the data acquisition phase, requiring
great care to avoid signal decorrelation between the pre- and post-compression frames.
Two hybrid approaches in 3D elastography stand out recently. Houdsen et
al. [46] applied freehand compression at each step of the sweep and selected several
frames, before the stepper motor was advanced to the next location in the elevational
direction. This method has ease of acquisition as it bypasses the practical difficulty
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of performing careful and optimal compression between pre- and post-compression
frames. It still suffers however from the point of view of data acquisition, which can
be quite slow for large volumes. Tracking the 2D wobbler transducer using a position
sensor allows Foroughi et al. to select aligned pairs of RF frames with minimal out-
of-plane motion, ensuring high quality strain [38, 37]. The acquisition is fast as RF
data is continuously collected while the operator performs freehand compression and
relies on the tracking algorithm to select suitable pairs. The downside of the method
is that it requires additional tracking hardware.
2.2.2 Thermal Imaging
Thermal ablation therapies, using energy sources like RF, laser, microwave, or
focused ultrasound, aim to destroy malignant tumors without damaging the surround-
ing tissue. But despite promising results, current systems remain highly dependent
on operator skill, and there is little control of the size and shape of the ablated area.
Monitoring the spatial distribution of heating is necessary to control the degree of
tissue damage produced. Conventional B-mode ultrasound has been used historically
for guiding the ablative tools. But the ablation lesion and surrounding tissue have
similar back-scatter characteristics, making conventional B-mode ultrasound images
alone unable to clearly distinguish the boundaries between the two areas. Many have
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observed an increased echogenicity at the site of the ablation and shadowing below
the thermal lesion (cavitation effects) [125,74]. These effects are easily observed late
in the ablation process, once the ablated area has reached a larger size, on the order
of centimeters. It is still difficult to accurately ascertain the size and position of the
thermal lesion on B-mode images alone and, furthermore, it is nearly impossible to
delineate the treated tissue margins.
Although conventional B-mode ultrasound does not provide a clear delineation
of the ablated region, algorithms have been proposed which use the raw RF signals
and are very similar to strain estimation. Several techniques for heat-induced echo
strain are based on estimating the echo shifts using speckle tracking [65,66,104,106,
115], and differentiating the time-shift estimates along the axial direction to obtain
a temperature map. Temperature estimates are obtained using a cross-correlation
algorithm applied to raw ultrasound RF data acquired at discrete intervals during
heating [125]. Measurements have been validated experimentally in tissue and tissue-
mimicking samples [74, 85,110,2].
Just as motion tracking in strain estimation methods can be affected by sig-
nal decorrelation, thermal ablation procedures can be plagued by non-heat induced
motion as well. Solutions for the compensation of cyclic respiratory and cardiac mo-
tion in ultrasound thermal strain images have been attempted recently by several
groups [106, 7, 28]. It is worth noting that these efforts only monitored the effects of
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motion compensation on heat-induced echo strain imaging for a very brief period of
time, at most 4-5 seconds [7].
2.2.3 Ultrasound Elastography Mosaicking
Compared to other imaging modalities like CT and MR, ultrasound suffers
from a limited field of view (FOV). Monitoring a structure can be particularly chal-
lenging when it is too large to be visualized in a single image or 3D sweep. Size
and distance measurements are unreliable in large organs. With the ability to obtain
a 3D ultrasound volume, the next evolutionary step in 3D ultrasound is to create
an extended field of view by stitching several volumes together. Ultrasound mosaics
(also referred to as stitching or panorama) are emerging as a prevalent technique in
clinical practice with a high clinical value. They aim to achieve several advantages
which come along with extended FOV: 1) improving the understanding of spatial
relationships among structures when the size of a single image/volume is not large
enough to cover the entire region of interest, 2) visualizing structures that are too
large for a single volume and 3) allowing for measurements of size and distance in
large organs and lesions, and 4) compounded volumes of higher quality will offer the
ability to visualize the anatomical structures from a variety of angles.
In the literature of ultrasound mosaicking, registering the underlying displace-
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ment field for elastography has not yet been addressed. The clinical advantages of
ultrasound mosaics can be improved with the additional corresponding strain infor-
mation. In particular, strain information can help in multi-modal registration and
fusion with pre-operative data for guidance in minimally-invasive interventions.
2.3 Clinical Significance
In this thesis we consider two clinical applications : prostate and hepatic can-
cer. In the remainder of the chapter we will briefly explain (for each application) the
diseases/conditions involved, treatment options and the imaging techniques currently
used for monitoring and intervention, as well as how a more robust and accurate
strain algorithm can aid and improve these clinical applications.
2.3.1 Prostate Cancer and Laparoscopic Prostate-
ctomy
Prostate cancer develops in the prostate, a gland in the male reproductive
system. It is the second leading cause of cancer death and the most common cancer
detected in men in the United States. An estimated 238,590 new cases of prostate
24
CHAPTER 2. BACKGROUND
cancer were diagnosed in the United States, and approximately 29,720 men died of
prostate cancer during 2013 [105]. The severity of the disease dictates the man-
agement strategy. Treatment of aggressive centralized prostate cancer may involve
Radical Prostatectomy (RP) which aims for complete cancer resection and has been
shown to improve cancer survival [9]. The surgical procedure was historically an
open intervention but more recently laparoscopic alternatives have emerged. Robotic-
assisted laparoscopic prostatectomy (RALP) relies on the daVinci Surgical System
(Intuitive Surgical, Sunnyvale, CA) which provides 3-D visualization, higher magni-
fication, hand tremor elimination and refined dexterity by incorporating wristed in-
strumentation. Since the year 2000, when the Food and Drug Administration (FDA)
approved the daVinci robotic surgical system for conducting abdominal and pelvic
surgeries, its use has skyrocketed. The daVinci Surgical System is now used to per-
form as many as 4 out of 5 radical prostatectomies in the United States [76]. From
250 robotic cases in the beginning (2001), the number has reached 73,000 by 2009,
as 86 % of the 85,000 American men who had prostate cancer surgery opted for the
robotic approach) [13,89] .
Initial experiences with the daVinci Surgical System have been positive: short
learning curve, limited blood loss, less post-operative pain, fewer perioperative com-
plications, and short hospital stay [13, 89, 77, 3, 24, 5, 33, 8]. But what concerns the
doctors and patients more is whether the robotic approach reduces the chances for
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cancer recurrence and improves the quality-of-life after the procedure. In the hands
of a trained surgeon, does the robot offer better chances for complete cancer excision
and sparing of the fragile cavernous nerves (Figure 2.2 [14])? One recent study found
patients were three times more likely to require salvage therapy [48], while another
study focused on Medicare-age patients concluded that for this age group the risks of
problems with continence and sexual function are equally high after both open and
robotic procedures [6].
One theoretical disadvantage with regards to robotic surgery is the lack of
tactile feedback. In open RPs, the surgeon uses his or her fingers to feel the periphery
of the prostate gland [128]. Without tactile feedback, a robotic surgeon is unable to
appreciate differences in tissue texture or firmness and therefore may not be able
to tailor precisely the extent of tissue excision around the prostate gland in efforts
to eradicate all cancerous tissue. Inadvertently leaving residual cancer cells behind,
called a positive surgical margin (PSM), is highly associated with cancer recurrence.
PSM rates were initially higher in RALP than in the open procedure, but they have
been shown to decrease with surgeon’s experience and improved technique [33,48].
As manual palpation helps guide the surgeon in the open procedure, an equiva-
lent real-time guiding tool is needed for laparoscopic prostatectomy. Imaging modali-
ties like MRI or CT are not feasible intra-operatively, nor do they possess the sensitiv-
ity or specificity for accurate detection and localization of prostate cancer. Transrectal
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Figure 2.2: Anatomical illustration of the nerve-sparing prostatectomy technique.
Courtesy of Dr. Arthur L. Burnett
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ultrasound (TRUS) is routinely used in diagnosis, in conjunction with digital rectal
examination (DRE) and biopsies [98]. One center used TRUS for real-time moni-
toring and guidance during Laparoscopic RP and reported technical feasibility and
enhanced precision by decreased PSM rates [120, 121]. TRUS was capable of imag-
ing a substantial percent of non-palpable prostate cancers. The authors recognized
however, the limitations of TRUS guidance; it requires considerable prior expertise
and tends to identify primarily hypoechoic lesions, which were just 47% of the cancer
nodules studied [121]. Today’s prostate cancer patients are more likely to present
with echogenic or isoechoic lesions because aggressive screening techniques lead to a
shift toward smaller, early-stage cancers [23,25] ; classic B-mode gray-scale ultrasound
alone cannot identify these lesions.
Ultrasound (US) Elastography (USE) is emerging as a valuable tool in the
field of imaging. Cancers tend to present as hard lesions due to increased cellular-
ity, which makes them suitable for elastography where harder, stiffer tissue will have
smaller strain than softer, more compliant tissue [82]. Echogenicity and stiffness
of tissue are generally uncorrelated; USE can identify hypoechoic lesions, but also
echogenic or isoechoic cancers that classic gray-scale ultrasonography cannot. Elas-
tography through the transrectal approach has already been been used successfully in
guiding biopsies of the prostate [21,54,114,59]. Integrating USE technology with a la-
paroscopic ultrasound probe will give robotic and laparoscopic surgeons an important
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intra-operative image-guidance tool, which until this point does not exist [102,101,10].
Ultrasound raw data used in the elastography algorithms suffers however from
all of the challenges described in section 2.2. Improving on the robustness and ac-
curacy of the displacement estimation step can impact the use of elastography as
an interventional tool. A laparoscopic ultrasound probe with integrated elastogra-
phy algorithm and strain visualization could help the surgeon at the crucial time of
prostate excision. For radical prostatectomy, this could mean lower PSM rates, re-
duces chances of recurrence and maybe an improved sparing of the fragile cavernous
nerves. The probe could also be used to investigate the adjacent seminal vesicles and
the pelvic lymph nodes to asses the spread of cancer in more advanced patients.
2.3.2 Hepatocellular Carcinoma and Tumor Abla-
tion
Hepatic cancers are malignant tumors that grow on the surface or inside the
liver. Liver cancer is the fifth most frequently diagnosed cancer globally and the
second leading cause of cancer death. In 2013 in the United States, hepatic cancer
saw 30,640 new cases and was responsible for 21,670 deaths [105]. 75% of liver cancer
is formed by liver cells (hepatocytes) which become malignant and it is known as
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Hepatocellular Carcinoma. Surgical resection is often the treatment of choice but
less than half the patients are eligible for removal and transplant as the cancer is
usually detected in late stages. Percutaneous ablation offers an alternative cure for
this group. Radio frequency ablation (RFA), microwave ablation, laser ablation, and
high-intensity focused ultrasound (HIFU) employ heat to destroy the cancerous cells.
In RFA, an electrode is placed inside the tumor under ultrasound guidance
(Figure 2.3). High frequency alternating current in the range of 350− 500 kHz flows
from the probe into the tissue leading to thermal coagulation. At temperatures above
45◦ C the cell proteins denature and the cell membrane begins to lose its integrity
which eventually leads to irreversible necrosis [71]. The goal of the ablation is to
destroy all the malignant cells, plus an additional 0.5 to 1.0 cm tumor-free margin
to reduce the chances for cancer recurrence [97]. The size of the ablated region has
been shown to depend on the electrode gage, the temperature of the probe and the
duration of the treatment [71, 96]. But local hepatic factors can also influence the
size of the necrosis. Nearby blood vessels can act as a heat sink, where a strong local
blood flow has been reported to be a predictor of small size in the necrotic lesion [71].
Real time monitoring of the expansion of the ablated region, its shape, size
and location would insure the success of the procedure and lower the risk for cancer
recurrence. Currently, imaging assessments are done post-operatively and without
much success, which represents the biggest drawback to RFA therapy. CT and MRI
30
CHAPTER 2. BACKGROUND
Figure 2.3: Radiofrequency ablation (RFA) in liver cancer (hepatocellular carcinoma)
have been shown to be able to predict the necrotic area to within 2-3 mm but these
imaging modalities are rarely available intra-operatively for real time monitoring and
are usually performed within 1 week following the RF ablation session, when results
are compared with baseline examinations to differentiate between ablated regions and
residual tumor requiring additional therapy [42]. Conventional B-mode ultrasound
recognizes the ablated area where the acoustical properties of tissue have changed,
but cannot clearly distinguish the necrosis zone [16, 61]. Gas bubbles formed in the
ablated region during RFA treatment define a hyper-echoic region on conventional
ultrasonography [42,109]. Gas bubbles may however occlude the visualization of the
RFA probe and of the ablated region but they resolve within 1 hour after treat-
ment [124]. Contrast enhanced ultrasound (CEUS) looks at microbubble contrast
agents through the liver and aims to assess the degree of vascularity in the ablated
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region. A promising technique, CEUS is ideally performed 5-10 minutes after each
ablation, while the patient is still under general anesthesia. When used for moni-
toring purposes, treatment is continued until complete avascularity is demonstrated
with CEUS, making it practically unfeasible during a busy multi-site ablation inter-
vention [109].
As the temperature of tissue increases cell proteins start degrading and losing
water, which corresponds with an increase in tissue stiffness [53]. This makes ultra-
sound elastography an ideal imaging modality for monitoring the RFA procedure both
intra-operatively and at later follow-ups. Elastography has recently been investigated
for this purpose in ex-vivo tissue [126, 12, 11, 122]. A robust 3-D elastogram would
improve the accuracy of monitoring the ablative lesion.
Cellular protein denaturation starts at 45◦ C and the rate of necrosis increases
exponentially with the rise in temperature. At 45◦ C, necrosis occurs within 20 to
30 minutes, at 50 to 55◦ C, necrosis occurs within 5 minutes, and at temperatures
between 60 to 100◦ C, necrosis occurs immediately [71, 47, 108, 79]. If heat-induced
motion can be correctly estimated, temperature imaging methods can prove very
valuable in addition to elastography. Monitoring the temperature around the RFA
probe and the spatial distribution of heating would insure control over the degree of
tissue necrosis produced and could prevent unnecessary damage to healthy tissue.
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Prostate cancer is the most diagnosed form of cancer in men in the United
States [105]. For patients with a localized form of the disease, complete removal of
the prostate gland is often recommended. Open radical prostatectomy was developed
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in the 1940s and then refined in the 1980s by Dr. Patrick Walsh (Johns Hopkins
Urological Institute, Baltimore, MD) who pursued an anatomical approach, aiming
for complete cancer removal. The nerve-sparing approach is one of several techni-
cal advances pioneered by Dr. Walsh [128], where efforts are made to preserve the
fragile cavernous nerves which are responsible for sexual function and urine conti-
nence. Alternatives to open surgery have recently emerged. In laparoscopic radical
prostatectomy, the surgeon operates through several small abdominal incisions with
the help of small, stick-like instruments. The DaVinci Surgical System (Intuitive
Surgical, Sunnyvale, CA) refined the laparoscopic technique: the laparoscopic tools
have small, precise, wristed instruments which are maneuvered by a surgeon, but
operated in cooperation with a robot. Other improvements include 3-D visualization,
FOV magnification and hand tremor elimination. The new robot-assisted laparo-
scopic radical prostatectomy has gained a lot of support in the last decade, with an
estimated 80% of procedures today being robot-assisted [76].
Several studies have investigated the success of the robotic-assisted procedure
versus the traditional open approach. Initial experiences showed many positives:
short learning curve, limited blood loss, less post-operative pain, fewer peri-operative
complications, and short hospital stay [13,89,77,3,24,5,33,8]. What concerns surgeons
is the lack of tactile feedback. Unlike the open prostatectomy surgeon, the robot-
assisted surgeon cannot palpate the prostate gland, running the risk of leaving behind
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cancerous tissue. Laparoscopic and robot-assisted prostatectomies can benefit from an
intra-operative imaging tool which can give them the feedback equivalent to manual
palpation. Ultrasound elastography (USE) appears to be the natural candidate and
the technology can be incorporated in a laparoscopic tool. The remainder of this
chapter continues as follows. Section 2 summarizes an elastography algorithm based
on the dynamic programming (DP) technique for tissue displacement estimation [93].
We then present the methodology, results and conclusion of a pilot study where
human ex vivo prostatectomy specimens where used to assess the accuracy of USE
in the identification and characterization of hard cancerous nodules. We compared
the elastogram results with histopathology maps (the gold standard) and also to pre-
and post-operative MR scans of the prostate gland in order to assess and co-localize
anatomically USE with the reference histopathology and MR scans.
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3.2 Ultrasound Elastography: Prior Work
3.2.1 2D Dynamic Programming Displacement Es-
timation
Quasistatic elasticity imaging usually involves two steps: 1) the pre- and post-
compression ultrasound raw RF data is compared to estimate a displacement map,
and then 2) a strain image is obtained by axial differentiation of the displacement data.
Jiang el al [51] and Rivaz et al. [93] were the first to frame the displacement estimation
as an optimization problem solved by dynamic programming (DP). Rivaz et al [92]
refined the algorithm by improving the speed of the displacement estimation without
sacrificing accuracy. The 2D Analytic Minimization (AM) method uses dynamic
programming to estimate 2D sub-pixel displacement values on one seed axial RF line,
which are later propagated laterally throughout the entire image.
Consider two ultrasound RF frames I1 and I2 acquired before and after tissue
compression. Let n be the number of RF lines, with each signal sampled at i =
1, 2 · · ·m. Rivaz estimates the integer axial ai and lateral li displacements of each
RF line pair using DP [93]. The cost function is generated by combining the prior of
displacement continuity (smoothness term) and an amplitude similarity term. The
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smoothness term takes into account displacement continuity in both axial and lateral
direction:
Rj(ai, li, ai−1, li−1) = αa(ai − ai−1)2 + αl(li − li−1)2 (3.1)
where αa and αl are axial and lateral regularization weights respectively.
The distance between pre- and post-compression signals for line pair j can be
written as:
∆(i, j, ai, li) = [I1(i, j)− I2(i+ ai, j + li)]2 (3.2)
The cost function at the ith sample of the jth A-line becomes:




+ w∆(i, j, ai, li)
}
(3.3)
where w is a regularization weight for smoothness; da and dl are temporary axial
and lateral displacements which are varied in order to minimize eqn.(3.3). The inte-
ger displacement estimates are then refined to subpixel displacement estimation, by
comparing the original pre-compression signal I1 (not downsampled) with the post-
compression signal I2 upsampled by a factor of γ using parabolic interpolation [93].
Repeating the refinement procedure n times results in a refinement factor of ( 1
γ
)n [93].
The process is repeated for all n RF line pairs, which makes the entire displacement
estimation algorithm very computationally expensive.
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3.2.2 2D Analytic Minimization Displacement Es-
timation
Axial ai and lateral li integer displacements are obtained here using DP on
only one RF line pair, called the seed line. The subsample displacement estimation
algorithm continues as follows:
1. ai and li are first subsampled using linear interpolation. Then they become
initial guesses for the 2D subsample displacement estimate for the seed line [92].
Let s be the seed RF line. The aim is to calculate ∆ai and ∆li such that the
pair (ai + ∆ai, li + ∆li) gives the axial and lateral displacements at the sample
i. The regularized cost function becomes [92]:
Cs(∆a1, ...,∆am,∆l1, ...,∆lm) =
=
∑i=1
m {[I1(i, s)− I2(i+ ai + ∆ai, s+ li + ∆li)]
2 +
+α (ai + ∆ai − ai−1 −∆ai−1)2 + βa (li + ∆li − li−1 −∆li−1)2}
(3.4)
where α and βa are regularization terms which ensure continuity in displace-
ments with respect to the top: α for axial and βa for lateral.
2. Propagate the solution of the seed RF line from column to column to the left
and right of the frame, using the displacement of the previous RF line as an
initial estimate. The regularized cost function for the jth RF line becomes [92]:
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Cj(∆a1, ...,∆am,∆l1, ...,∆lm) =
=
∑i=1
m {[I1(i, j)− I2(i+ ai + ∆ai, j + li + ∆li)]
2 +
+α (ai + ∆ai − ai−1 −∆ai−1)2 + βa (li + ∆li − li−1 −∆li−1)2 +
+β
′
l (li + ∆li − li,j−1)
2}
(3.5)
where li,j−1 is the lateral displacement of the previous RF line. α, βa and β
′
l
are regularization terms which ensure continuity in displacements with respect
to the top (axial α), and the top and left/right (lateral βa and β
′
l).
3.3 Materials and Methods
Prostate cancer patients, candidates for prostatectomy, were prospectively en-
rolled in our study, following an informed consent approved by the Institutional Re-
view Board. The objective of the study was to evaluate the DP elastography method
by Rivaz et al ([93]). We studied the efficacy of using DP elastography to identify
and precisely localize hard nodules such as seen with prostate cancer just beneath the
surface of the prostate gland in the peripheral zone. In this area, cancerous lesions are
at most risk of invasion beyond the confines of the prostate gland and also more likely
to be cut across by a well meaning surgeon. We recruited patients who underwent
both open and assisted prostatectomies given that the process of removing the gland
was not a focus of our study. Patients underwent multiple radiological procedures:
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1. Pre-operative 3 Tesla MRI of the pelvis was performed right before the surgery
procedure.
2. Post-operative ultra high-resolution MRI at 9.4 Tesla was performed on the ex-
cised prostate specimen to correlate the results to in vivo pre-operative imaging.
3. Ultrasound elastography was then performed on the prostate specimen by an ex-
perienced radiologist blinded to the surgeon’s findings and to the pre-operative
pathology report. The collected RF data was used offline to recreate classic B-
mode grey-scale images, and also to compute elastograms showing the stiffness
of the tissue scanned, using the Rivaz approach from section 3.2.2 [93,92].
Pre-operative and post-operative MR scans were used for anatomical correla-
tion with the computed elastograms. For ultrasound elastography, the prostate spec-
imens were placed in prone position on a surgical table. USE scans were performed
in a systematic sextant approach, similar to that used for image guided biopsies. RF
data was acquired in axial planes (from gland’s base, through mid gland, to apex), on
the left and right side of the gland (Figure 3.1). The sextant approach was necessary
to ensure that the scans were in the same plane with the histopathology diagrams
(axial) which constituted the gold standard for comparison. USE coronal scans from
the left to the right of the gland were also performed; these scans were in alignment
with the MR coronal scans.
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Figure 3.1: Ultrasound elastography data collection process using the sextant ap-
proach; RF data was acquired in axial planes (1 - 6) from the gland’s base towards
the apex. For illustration purposes, a lesion is outlined in the left mid section, pe-
ripheral zone of the specimen, similar with specimen #3 of our study
Hardware and Software Specification
USE acquisition was conducted using a Siemens Antares US scanner (Siemens
Medical Solutions USA, Inc. Ultrasound Division, Issaquah, WA) with an ultrasound
research interface to access raw RF data. Data was acquired by manual handling
using a Siemens VF 10-5 linear array for prostate specimens. After RF data collection,
elastograms were obtained using the DP elastography algorithm of Rivaz [93,92].
Each prostate specimen underwent routine pathologic processing and analy-
sis. Due to the high volume of prostatectomies performed at our institution, the
routine pathological process does not result in a whole mount mapping. Instead,
for histopathological evaluation the prostatectomy specimens were initially sliced at
every 3-4 mm from apex to base, according to the Stanford protocol. Each slice (6 to
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10 master slices) were then incorporated in a paraffin block and sliced at 5 µ meter
thickness. The slices were stained with hematoxylin-eosin and were then analyzed
under a microscope by a pathologist blinded to the surgeon’s findings and also to the
elastography results. The localization and size of each tumor focus were documented
for all step master slices on axial diagrams, with Gleason score. Large macro pho-
tographs were reconstructed in several specimens (Figure 3.3(c)). All data collected
were stored in a database.
N = 10 target areas were analyzed from N = 6 patients enrolled into the elas-
tography analysis. Histological findings served as the gold standard in determining
the presence, location and size of any prostatic nodules, malignant and benign. The
objective of our study was then to compare axial elastograms findings with the his-
tological findings recorded by the pathologist (mapping diagrams, measurements and
nodule characteristics such as malignant vs. benign). Since histopathology diagrams
often specified just the maximum diameter of a lesion, coronal elastograms were used
to better establish the location and extent of the identified lesions. MRI images (both
axial and coronal planes) were aligned to the elastograms and provided help with their
anatomical co-registration using anatomical details such as urethra or boundaries of
peripheral zone vs. central gland.
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3.4 Results
DP elastography identified N=10 lesions, eight hard nodules in the peripheral
zone, one hard and one soft nodule in the central gland (Table 3.1). Pathology reports
showed the eight hard lesions in the periphery as malignant and the remaining two
from the central gland as benign. Diameter measurements correlation proved difficult
because of the inability to perfectly register the three investigative modalities. Size
measurements and Gleason score are reported in Table 3.1. USE versus MRI mea-
surements were within on average 2.05 mm vs. 2.25 mm of the diameters measured
by pathology (standard deviation of 1.9 mm for USE and 2.9 mm for MRI).
Table 3.1: Prostate specimen data: A total of ten elastography lesions were identified
in six human prostate specimens (eight malignant and two benign). PZ = peripheral
zone, CG = central gland
# Location Gleason Size (cm)
Score Elastography Pathology MRI
1.1 PZ base 3+5 1.4 x 0.8 1.3 x 0.8 1.3 x 1.1
1.2 CG base N/A-Solid 0.7 x 1.1 1.0 x 1.0 1.0 x 1.1
1.3 CG base N/A-Soft 1.1 x 0.8 1.0 x 1.0 1.0 x 0.9
2.1 PZ base 5+3 3.0 x 1.3 2.4 x 1.0 2.0 x 1.5
3.1 PZ mid 4+5 2.4 x 0.8 1.9 x 1.0 1.5 x 1.2
4.1 PZ mid 3+3 1.0 x 0.5 0.5 x 0.4 0.6 x 0.7
4.2 PZ mid 3+4 1.5 x 0.9 1.1 x 0.5 1.1 x 0.8
5.1 PZ apex 3+3 0.5 x 0.6 0.5 x 0.5 0.6 x 0.6
5.2 PZ apex 4+3 0.6 x 1.0 0.8 x 0.9 0.9 x 0.9
6.1 PZ base 3+3 0.7 x 1.2 0.7 x 1.8 0.7 x 0.7
Concerning the entire lesion area in cm2, a paired t-test looking at the elastog-
raphy and MRI estimates versus pathology measurements found very little differences
between the groups (Table 3.2. Mean values indicate both elastography and MRI over-
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Table 3.2: Lesion size (cm2) as detected by elastography and MRI vs pathology: t-
test results. Mean, standard deviation (StDev) and standard error of mean (SEM)
are presented for each group.
Group Elastography Pathology Group MRI Pathology
Mean 1.218 1.032 Mean 1.119 1.032
StDev 1.0494 0.6922 StDev 0.8 0.6922
SEM 0.3318 0.2189 SEM 0.253 0.2189
p-value = 0.3273 p-value = 0.4769
estimated the size of the lesions, but the differences are not statistically significant
(p − value = 0.3273 for elastography vs pathology and p − value = 0.4769 for MRI
vs pathology)
Specimen #1 presented multiple hard and soft lesions, located in the central
gland of the prostate (Figure 3.2). The ex vivo T2-weighted coronal image from
specimen MRI obtained at 9.4 Tesla (Figure 3.2 (C) - here after counter clock wise
rotation for better visualization of the correlation between USE and MRI of the
specimen) shows detailed anatomy of the heterogeneous central gland with a solid
benign prostatic hypertrophy nodule (BPH) confirmed by pathology. Elastography
was able to detect this solid nodule despite the heterogeneity of the prostate (Figure
3.2 (B)) - solid arrow, whereas the lesion was not clearly identified by gray scale
ultrasound. Ex vivo T2-weighted 9.4 Tesla coronal image from specimen MRI also
shows an additional soft cystic BPH nodule (dashed arrow). Urethra is also visible
on the elastogram , as well as MRI exam (labeled urethra).
Axial scans of the same specimens were compared with histopathology axial
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Figure 3.2: Coronal section of prostate specimen #1 at the level of the central gland.
Classic ultrasound B-mode (A) and elastogram (B). 9.4 Tesla ex vivo (C) and 3 Tesla
in vivo (D) MRI images are presented in coronal planes, after CCW (counter clock
wise) rotation for better visualization of the correlation between USE and MRI of
the specimen. Benign solid (arrow) and soft (dashed arrow) nodules and urethra are
visible.
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cross-sections. The prostate, submitted for histological processing in four quadrant
sections per slice, was digitally realigned to reconstruct a full histological cross-section
(Figure 3.3(c)). Specimen #1 was found with a tumor with Gleason score of 8 at the
prostate base, left side (outlined). Figure 3.3(a) shows an ultrasound B-mode image
and an elastogram obtained through an axial plane at the prostate’s base on the left
side. The same tumor was identified by elastography (Figure 3.3(b) - dashed contour)
but is not visible on grey-scale ultrasound. For anatomical correlation, a soft - cystic
nodule anterior to cancer can be seen on B-mode image and USE (Figure 3.3(a),
3.3(b) - arrows) and on histopathology (Figure 3.3(c) - arrows).
The remaining five prostate specimens presented with superficial lesions in
the peripheral zone of the gland. USE identified multiple hard malignant lesions in
various locations, from the base to the apex of the prostate gland. One can notice the
clear delimitation of these lesions on USE (Figure 3.4) as well as the close estimations
of size versus pathology and MRI.
3.5 Discussion
In surgical procedures where manual palpation would be helpful but not possi-
ble to perform, e. g. laparoscopic robotic surgery, USE can offer added value if proven
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(a) (b) (c)
Figure 3.3: Axial section of prostate specimen #1 peripheral zone. Left lateral sec-
tion of the prostate’s base; classic ultrasound B-mode (a) and elastogram (b). Hard
lesion is outlined, arrows point to adjacent nodule. (c) Hematoxylin & eosin stained
histological section of prostate base. The tumor (Gleason score 3+5 = 8, outlined
in black) extended beyond the prostatic capsule in this section and invaded the left
seminal vesicle (arrow).
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Figure 3.4: B-mode image (left) and elastogram (right) from specimens # 2-6. Dark
regions at the very bottom of elastograms represent structures outside the prostate
tissue (e.g. operating table). The border of the prostatic tissue can be easily noticed
as a highly reflective band at the bottom of B-mode images.
to be accurate in detecting pathologic lesions. Our feasibility study showed that DP
elastography with the method pioneered by Rivaz et al ([93]) was able to identify both
hard and soft lesions in the ex vivo prostate specimens, located in the deep prostatic
central gland and in the peripheral zone. Histopathologic findings validated USE, and
results compared favorably with the in vivo pre-surgical and ex vivo post-surgical MRI
scans. In the central gland of the prostate, elastography showed excellent detection
of hard and soft areas, despite the complexity of this region. Elastography was able
to identify both hard and soft BPH nodules and anatomical landmarks like the ure-
thra (note excellent anatomical correlation to MR scan findings). In the peripheral
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zone USE identified multiple hard malignant lesions, from the base to the apex of the
prostate gland. These preliminary results demonstrate the ability of USE to detect
hard nodules in the prostate and are encouraging in the pursuit of this technology as
a palpation equivalent imaging tool for prostatectomy.
USE maps tissue elasticity which makes it an ideal imaging modality to serve
as a surrogate and possible equivalence to manual palpation in identifying hard can-
cerous tissue in the prostate gland, especially in the peripheral zone but also in the
central gland. Real-time intra-operative imaging guidance is needed for identifying
the presence of cancer within the prostate, especially near the capsule where tumor
can invade and spread outside of the gland, and also for studying surrounding struc-
tures. If diseased hard lymph nodes could be detected, then lymphadenectomy may
provide a more accurate cancer staging, help tailor future therapy, and potentially
prevent recurrence. A better delineation of the bladder neck and apex during dissec-
tion, especially when prostate cancer is located at the apex could perhaps improve
patients’ outcome. If deemed possible, imaging cavernous nerves (CNs) located along
the immediate surface of the prostate gland may lead to their preservation, and thus
improved preservation of potency and urinary continence [113]. Further more, the
development of the elastography technology as an imaging guiding tool during prosta-
tectomy could potentially be useful in the open procedures as well, where the manual
palpation would not be enough to identify deeper lesions. It has been documented in
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the literature that prostate carcinoma originates in the central gland and transitional
zone in up to 30% of cases [72, 22].
3.6 Conclusions
Our initial experience showed USE was able to reliably identify hard nodules
in the peripheral zone of the prostate that were prostate cancers. Additionally, USE
showed its ability to define tissue hardness of BPH nodules despite the underlying
tissue complexity in the central gland. Our comparative study demonstrated USE
can approach the efficacy of manual palpation for superficial lesions and has the
potential to surpass it for smaller, deeper lesions. Our initial experience with USE
encourages us to pursue further the evaluation of this technique. The results obtained
in this study using the DP elastography method by Rivaz et al ([93]) are considered
our baseline results. The limitations of this method are discussed in the following






In quasi-static elasticity imaging the tissue is compressed and ultrasound raw
data is acquired before and after the deformation. The goal is to compare the two
RF frames in order to estimate the displacement between them. Data acquisition
however, is problematic and often results in poor elasticity image quality. Repeatable
elastograms are often hard to generate as strain images are highly qualitative and
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user-dependent. The best results are achieved when the operator compresses and
decompresses the tissue uniformly, in the axial direction, and at an optimal speed [45].
Signal decorrelation affects negatively all the methods used today for displacement
estimation. It can be a result of probe movement due to slippery or oblique surfaces,
but also small lateral or out-of-plane motions [45,82,17]. Even with a skilled operator,
other sources of decorrelation can also affect the displacement estimation, such as
uncontrolled physiological motion (heartbeat, muscle contractions, respiration and
blood flow) and movement of other structures due to breathing [17]. The wide-
spread clinical use of elastography could benefit from the development of elastography
algorithms less influenced by factors such as user expertise or signal decorrelation.
The goal of achieving reliable, repeatable, user independent elastograms thus depends
heavily on solving the decorrelation problem.
In the previous chapter we summarized Rivaz’s elastography algorithm [93,92]
and presented the results of a study using this algorithm with ex vivo prostate data.
We encountered several examples of poorly correlated data regions in the prostate
data set. In these cases, the resulting strain images can present structures with the
wrong relative stiffness to one another (Figure 4.1(a)) or can simply be overwhelmed
by artifacts which will obscure the real structures (Figure 4.1(b)).
The presence of decorrelation affects the Rivaz displacement estimation algo-
rithm in two ways.
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(a) (b) (c)
Figure 4.1: Prostate specimen #1: the final elastogram depends on the selection of
the seed RF line. In (a), some structures are wrongly identified as soft (arrow) or
hard (dashed arrow). In (b), multiple artifacts (arrows) obscure the real structures.
Elastogram (c) agrees with the pathology report.
1. Choosing the seed RF line in a decorrelated region will result in a poor displace-
ment estimate for that line, as well as allow incorrect estimates to propagate
laterally throughout the strain map. Figure 4.2 shows an example of the effects
of choosing a seed RF line from a poorly correlated data region. The incor-
rect initial estimate can create a small strain artifact (Figure 4.2 (b)) or it can
propagate throughout the majority of the frame (Figure 4.2 (d)).
2. The choice of a robust seed RF line does not guarantee however, proper esti-
mates for the entire frame. If the AM displacement propagation encounters a
wide region of poorly correlated RF data, it is unlikely the estimates will main-
tain correct values as the region is traversed, potentially corrupting even the
estimates in the highly correlated region beyond.
Methods are needed both for robust seed line selection and also for correlation-
guided displacement propagation. The contribution of this chapter is the development
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(a)
(b) Seed line 250 (c) Seed line 251 (d) Seed line 252
Figure 4.2: Integer DP displacement estimation in tissue-mimicking phantom for seed
RF lines 249 - 255 (a). Note the areas (for lines 250 and 252 respectively) which ex-
hibit a visible difference in displacement estimate. Strain images with corresponding
artifacts for seed lines 250 (b) and 252 (d), and artifact-free for seed line 251 (c).
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of robust methods and quality metrics which improve on the Rivaz technique [93,
92]. The algorithm addresses the choice of one or more robust starting seed RF
lines, as well as the propagation of displacement values from column to column.
Compared to the original algorithm, the current implementation is more robust to
signal decorrelation and it can estimate tissue motion even in poorly correlated regions
of the ultrasound images.
In a closely related work, Chen et al. [19] implemented an algorithm governed
by the presence of high-quality data areas, where displacement is propagated around
these regions first and poorly correlated data zones are estimated last (or not at all) to
limit their overall influence. One stated advantage is that no preferential displacement
propagation direction is needed. The limitation of their technique is that by rejecting
the displacement continuity assumption, some imaged areas are not being displayed
to the user, the authors choosing to leave gaps (blank areas) in the elastograms in
regions deemed to be low quality. Our work relies on column-to-column displacement
propagation but our results show this does not compromise the strain quality. We
also address the continuity problem by using data quality metrics which can detect
changes in the degree of correlation, allowing for reliable estimation of displacement
even in poorly correlated regions.
The remainder of this chapter is summarized as follows. The robust methods
for seed RF line selection and for correlation-guided displacement propagation are
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discussed in Section 2, followed by a 3D extension of the algorithm in Section 3.
Validation experiments using tissue-mimicking phantoms, ex vivo human prostate
data and in vivo porcine liver data are presented in Section 4. Section 5 concludes
the chapter and discusses future research directions.
4.2 Methods
We are proposing a set of methods to deal with the presence of signal decor-
relation. The first subsection 4.2.1 presents two tools which will restrict the choice of
seed line in an area unaffected by decorrelation to insure a robust starting point for
the displacement estimation algorithm. The next subsection 4.2.2 introduces quality
metrics to be used in displacement propagation, while subsection 4.2.3 makes the
case for dividing the image frames into multiple sub-images, each with their own seed
line, to allow parallelization and speed up of the overall run time without sacrificing
accuracy. The last subsection details a 3D extension of the algorithm.
4.2.1 Seed RF line selection
The following methods address the selection of a robust seed RF line, unaf-
fected by signal decorrelation.
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• Displacement Slope
In a continuous piece of tissue, the axial displacement profile resulting from
a stress field induced by applied compression has a monotone ramp [69]. In
the presence of decorrelation, the DP displacement estimation algorithm can
sometimes fail to achieve an optimal solution along the entire axial line. Small
segments of the RF data can be falsely aligned and result in displacement esti-
mates which would not reflect the stress field.
We hypothesized that for small deformations, these locally optimal solutions
would correspond to perturbations in the monotone slope of their displacement
profile, which in turn would result in artifacts in the final strain image (Fig.
4.2). In Algorithm 1 we compute εmax as the number of consecutive data points
which exhibit a change in the slope’s direction along the axial displacement
profile (ai for i = 1, 2 · · ·m are the integer axial displacement estimates after
DP). In our phantom study, we found that a value of εmax ≥ 3 indicates a
region of poorly correlated, artifact-inducing data (Section 4.3). Note that the
three data points don’t need to be consecutive, as long as the ramp stays flat
or continues to change direction (Figure 4.3), as computed in lines 7 − 12 of
Algorithm 1.
• Displacement Stability
In the DP algorithm [93], w is a smoothness regularization parameter (eq. 3.3)
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Algorithm 1 Calculate εmax
1: ε← 0;
2: εmax ← 0
3: for i = 1 to m do
4: if (ai − ai−1) ∗ (ai+1 − ai) < 0 then
5: ε← ε+ 1
6: i← i+ 1
7: while (ai − ai−1) ∗ (ai+1 − ai) ≥ 0 do
8: if (ai − ai−1) ∗ (ai+1 − ai) > 0 then
9: ε← ε+ 1
10: end if
11: i← i+ 1
12: end while
13: if ε > εmax then
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Figure 4.3: Displacement slope. The three data points where the change in slope is
exhibited could be consecutive (a) or not (b)
meant to prevent regions with high local decorrelation from introducing errors
in displacement estimation. If w is chosen too large it can result in an over-
smoothing of the solution. We hypothesized highly correlated pairs of RF lines
would give consistent displacement estimation results regardless of the chosen
value for w (in a suitable range). Regions of poorly correlated RF data would
give different displacement estimation results, given different values of w. We
thus compute the metric As1 for instability as:
As= the percentage of data points along an RF line, which exhibit a discrepancy
in the axial displacement estimate of at least δ units (pixels).
As = Σmi=1(a
w1
i − aw2i ≥ δ)m (4.1)
1As was chosen as the letter symbol for instability from the periodic table element Astatine.
The name ”astatine” comes from the Greek word ástatos, meaning ”unstable”, due to the element’s
propensity for radioactive decay (all isotopes of the element have been shown to be unstable)
59
CHAPTER 4. ROBUST DP
where aw1i and a
w2
i are axial displacements estimated using w1 and w2 respec-
tively, and m is the length of each RF line signal.
A high value of As suggests a poorly correlated RF signal pair. In our phantom
study, we found that a value of δ ≥ 3 indicates the presence of region(s) of
poorly correlated, artifact-inducing data (Section 4.3).
4.2.2 Robust displacement propagation
Consider two ultrasound RF frames I1 and I2 acquired before and after tissue
compression. Let n be the number of RF lines, with each signal sampled at i =
1, 2 · · ·m. At the end of the displacement estimation process on the jth pair of RF
lines, Ai = ai + ∆ai, Li = li + ∆li are the axial and lateral displacements at each
sample i (eq. 3.5). Using the estimated displacement values, and the raw RF signals
pre- and post-compression, we calculate how well the estimates fit the data. A high-
quality estimation would exhibit a high degree of correlation between the RF signals.
We chose the magnitude of the normalized cross-correlation as an indicator for the
degree of matching between the pre- and post-compression data.
For the jth pair of RF lines, we compute:
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where Ī1 and Ī2 are the means of RF values along the j
th line of each frame.
C(I1(j), I2(j)) is a good indicator of the quality of the DP + AM displace-
ment estimate for line j. As the array of Ais and Lis become the initial guesses for
propagating forward to line (j + 1)th (eq. 3.5), we can assess if the displacement
propagation should continue or not. A poor initial guess would result in a potentially
corrupted forward estimate. Even starting with a high-quality estimate could result
in a corrupt forward estimate if the adjacent RF line pair ((j + 1)) exhibits a region
of poorly correlated data. We can compute the same correlation metric for the RF
line pair (j + 1) (eq. 4.2), plugging in the estimated displacements for line j:











where Ai and Li are the displacements for RF line j, and Ī1 and Ī2 are the means of
RF values along the (j + 1)th line.
As discussed in section 3.1, tracking algorithms which use the quality of data
as an indicator of signal decorrelation fail to produce displacement estimates in the
presence of high noise [19]. As suggested by [19], a quality metric enforcing conti-
nuity of displacement estimates would be desirable, to avoid differentiation across
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displacement discontinuities which can generate artifacts. To ensure a continuity of
high quality, highly correlated data, we compute the ratio ρ as follows:
ρj+1 =
∣∣∣∣∣Cfwd(I1(j + 1), I2(j + 1))− C(I1(j), I2(j))C(I1(j), I2(j))
∣∣∣∣∣ (4.4)
4.2.3 Robust 2D elastography method with multi-
ple seed lines
Given two ultrasound RF frames I1 and I2 exhibiting areas of poor correlation,
we are proposing a displacement estimation method which relies on the selection of
a robust starting seed RF line, followed by displacement propagation guided by each
adjacent line’s underlying degree of similarity.
We consider the question of selecting a single starting location, or multiple
seed lines. As displacement is tracked from column-to-column, the presence of a
poorly correlated signal pair would stop the propagation, practically requiring the
selection of a new seed RF line, on the other side of the troublesome area. To reduce
the time of the displacement estimation over the entire image, one could divide each
image into K sub-regions from the start, each requiring a robust seed RF line. The
selection of multiple robust seed RF lines presents the advantage of initializing in
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Figure 4.4: Algorithm flowchart. Left side represents the seed selection step, while
right side presents the displacement propagation decisions. If the thresholds are not
met, propagation stops and the remaining portion of the RF frame will be treated as
a new sub-image Ik+1, where a new seed RF line will need to be selected.
multiple high correlation regions, increasing the chances for a more robust, artifact-
free elastogram.
Let each RF image frame I be divided into K sub-images. Let nk be the
number of RF lines for sub-image Ik (k = 1..K) , with each signal sampled at i =
1, 2 · · ·m. We first select a seed line as follows (Figure 4.4):
1. Select random p potential candidates for the seed RF line pair.
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2. Perform integer displacement estimation q times for each pair, using q random
w values in a chosen range (Section 3.2.1, Eqn. 3.3).
3. Keep only the pairs for which εmax ≤ 3 for ALL values of w (Algorithm 1).
4. From the remaining candidates, the pair with the lowest instability value As
becomes the seed RF line (4.1).
After the selection of a robust seed RF line j, the estimated displacement
values are propagated laterally to the adjacent lines until all mk lines are processed.
For each adjacent line pair j + 1, using as initial displacement estimate the values
calculated for pair j, we calculate C, Cfwd, and ρ as indicators of data quality (eqs.
4.2, 4.3, 4.4). Two thresholds govern the following set of conditions which will guide
the displacement propagation:
1. If the jth’s displacement estimate is a good fit for line pair j, C > τ1.
2. If the jth’s displacement estimate is a good initial guess for line pair j + 1,
Cfwd > τ1.
3. To ensure a continuity of high quality, highly correlated data, ρ < τ2.
We study the impact of w on the instability value As, as well as the choice of
thresholds τ1 and τ2 in section 4.3.1. If all the conditions are met, the displacement
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Figure 4.5: Algorithm flowchart: visualization. Part 1: seed selection. Seed candi-
dates (a), Remaining seed candidates after slope criterion applied (b), Selected seed
(c).
65




Figure 4.6: Algorithm flowchart: visualization. Part 2: Displacement propagation.
Displacement estimation for the adjacent line pair (a), Displacement propagation
continues until unsuitable line pair is encountered (b), A new sub-image is formed
and with new seed candidates (c).
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for line j + 1 will be estimated according to equation 3.5, and then the same set of
conditions will be used to asses the quality of the next RF line pair j + 2. If the
thresholds are not met, propagation stops and the remaining portion of the RF frame
will be treated as a new sub-image Ik+1, where a new seed RF line will need to be
selected (Figure 4.4).
4.2.4 Robust 3D elastography with multiple seed
lines
For 3D displacement estimation we combine the frame selection algorithm of
Foroughi et al [37] with the robust 2D methods presented above.
During freehand palpation using a tracked 3D ultrasound transducer, the For-
oughi method automatically selects pairs of RF frames with minimal lateral and
out-of-plane motions, and also has the possibility to select frames with a predefined
compression range with respect to one another [37]. In the case of a 3D transducer,
a volume is constructed by sliding a 2D linear array over the sector of a circle with
radius r as shown in Figure 4.8. θ is the angle of the slice at each step of the wobbler
motor. r and θ are known from the probe manufacturer specifications. As data is
acquired while the 2D element array sweeps the volume, synchronized position in-
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Figure 4.7: 3D wobbler transducer principles: data acquisition and 3D volume
reconstruction.
formation is recorded simultaneously. A transformation matrix is computed which
determines the position and orientation of every slice. The geometry of the probe
and the acquisition angle of the slice determine each transformation matrix.
The position information helps select pairs of RF frames which have a high
probability of producing good-quality strain images. The goal is to find frame pairs
for which the motion is mainly in axial direction, with minimal lateral and eleva-
tional motion (Figure 4.8). Foroughi’s solution is found by maximizing the following
objective function [37]:
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where Kx, Ky, and Kz determine the sensitivity to motion in lateral, axial, and
elevational directions respectively, and D = [DxDyDz] is the sample-wise root mean
square of the displacement. topt represents the desired compression, and c is a small
number that limits the cost of zero compression.
Due to the continuous freehand deformation, the axial direction for each ac-
quired frame varies depending on the acquisition angle θ (Figure 4.8). Imperfect hand
motion is generally an obstacle for elasticity algorithms. Foroughi et al [37] consider
it however beneficial for their algorithm, because as they attempt to maximize the ob-
jective function for optimal compression in a given axial direction, they can evaluate
every frame at the respective motor step location, but also the ones at one preceding
and one succeeding location. The result is an improved strain quality at the center
slice, and also at the adjacent slices [37].
While the frame selection technique resolves signal decorrelation due to out-
of-plane motion, the robust 2D displacement estimation methods address small local
decorrelations, which can be present only in a small number of frames in a swept
volume. For example the presence of fluid (blood or lymphatic vessels, billiary ducts)
in one frame can affect the entire 3D displacement estimation.
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Figure 4.8: Overview of the TrUE approach. Given r and θ, each RF slice within a
volume is localized. Courtesy of Foroughi et al [37].
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The robust 2D displacement estimation is performed after the frame pair se-
lection. The position of each frame is available to us from the tracking information,
so we can use it to automatically adjust the search range for the DP part of the algo-
rithm (ch. 3). This results in a faster integer displacement estimation for the selection
of seed lines. A strain image is computed for each frame pair, then all frames are
combined in one 3D strain volume by applying a scaling factor represented by a 3D
smoothing kernel, weighted by the mean strain of each pair. To display the results,
strain images are stacked and scan-conversion is applied to the resulting volume.
4.3 Results and Discussion
4.3.1 Displacement estimation in 2D phantom data
To study the choice of algorithm parameters and their impact, we palpated
and scanned a CIRS (CIRS Inc. Norfolk, Virginia) breast elastography phantom
model 059 (Figure 4.9). According to the manufacturer specifications, the phantom
presented with a 10 mm diameter dense mass at least two times stiffer than the
background, which had an elastic modulus of 20kPa±5kPa. The raw ultrasound data
were obtained from ACUSON Antares (Siemens Medical Solutions USA, Malvern, PA,
USA), while the tissue was palpated freehand using an ultrasound transducer (VF13-
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(a) (b)
Figure 4.9: CIRS breast phantom 059. The elasticity of each dense mass is at least
two times greater than the elasticity of the background, which has an elastic modulus
of 20kPa± 5kPa. They range in size between 3 to 10 mm (b)
5SP) at a center frequency of 7.27 MHz. The Axius Direct Ultrasound Research
Interface was used to enable RF acquisition at a sampling rate of 40MHz, with each
frame comprising 508 lines of 1700 samples.
Two RF frames were selected which exhibited some unknown regions of poorly
correlated RF data. In order to evaluate the magnitude of the problem, we first set
out to evaluate the percentage of decorrelated RF line pairs. Integer displacements
were estimated for each RF line pair using DP (eq. 3.3). Every line pair was treated
as a seed and thus processed individually, using no prior information for an initial
guess. Visualizing the individual axial displacements as a unified map makes it easy
to observe potential discontinuities and poorly correlated areas (Figure 4.10 - arrows).
Further more, the choice of w value affects the final strain image (Figure 4.11).
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Figure 4.10: Breast phantom data. Integer displacement was estimated using dynamic
programming method on each RF line pair (#13 - 498). Many areas prone to produce
artifacts are relatively easy to identify (arrows).
(a) (b) (c) (d)
(e) (f) (g) (h)
Figure 4.11: Examples of artifacts in strain images for various values of w. First row
represents strain images originating from seed RF line #487, second row from seed
RF line #55. Seed line is emphasized in color yellow.
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Table 4.1: Percentage distribution for seed RF lines, given multiple values for w
(smoothness regularization parameter)
w
Lines (%) 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60
W/o artifacts 44.2 57.8 61.3 68.1 65.0 61.7 53.3 53.1 43.4 32.1 24.3
W/ artifacts 55.8 42.2 33.6 30.0 30.5 32.0 41.8 46.9 56.6 67.9 75.8
Indeterminate - - 5.1 1.9 4.5 5.3 4.9 - - - -
In the DP displacement computation, w is a smoothness regularization parameter
(eq. 3.3) intended to prevent poorly correlated regions from introducing errors in
displacement estimation. 5346 strain images were obtained with the 2D AM method
using each RF line as a seed, each for eleven values for w between 0.10 and 0.60.
Knowing the shape and size of the expected lesion, we visually inspected each resulting
elastogram for the presence of artifacts. Some lines produced very faint, very small
artifacts on the order of a couple of pixels which were not propagated to the adjacent
lines; if these artifacts were not easily identifiable at first inspection, the corresponding
line was categorized as indeterminate (Table 4.1).
For the breast phantom data, we focused our remaining analysis on values of
w in the 0.20 - 0.35 range, where over 60% of lines produced no strain artifacts (Table
4.1). For this w range, 113 (23.25 %) lines produced artifacts for all four values
of w (0.2, 0.25, 0.3, 0.35), 263 (54.12%) lines never produced artifacts and 110
(22.63%) lines varied in their behavior.
For values of w in the 0.20 - 0.35 range, at least 30% of lines presented artifacts.
This value motivated our choice for parameters p = 5 and q = 5. The probability
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that all p = 5 seed line candidates would be in decorrelated areas is very small
(0.35 = 0.0024, implying at most a 0.24% probability that all 5 candidates would
fail). Similarly, the choice of q = 5 random values for w in the selected range ensures
a good low probability the seed line candidate would fail for all q = 5 values.
The monotone displacement slope criterion (Algorithm 1) was very effective
as an initial test for filtering out most of the poorly correlated line pairs. As a filter
by itself, it had a 74.18% sensitivity and 77.78% specificity.
The instability metric As (eq. 4.1) clearly differentiated between high quality
data and regions of signal decorrelation (Figure 4.12). Our algorithm uses this metric
to select from the seed candidates the line pair with the lowest AsI value. For our
phantom study, robust lines exhibited values of As less than 5% (Figure 4.12).
Using the phantom data, we also evaluated the magnitude of the normalized
cross-correlation C(I1(j), I2(j)) (eq. 4.2) as an indicator of the degree of match-
ing between the pre- and post-compression data. The spread and distribution of
C(I1(j), I2(j)) with respect to w is presented in Figure 4.13. Once again, w values in
the 0.20 - 0.35 range resulted in a clear differentiation of robust vs. artifact producing
lines. The results in Figure 4.13 determined our choice of values for correlation-guided
displacement propagation. Lines where C or Cfwd less than τ1 = 75% or ρ is higher
than τ2 = 10%, signal the beginning of a poorly correlated data region, where prop-
75
CHAPTER 4. ROBUST DP
Figure 4.12: Box and whisker plot: Instability metric As ( averaged over w = 0.2,
0.25, 0.3, 0.35). Values corresponding to the artifact producing lines are shown in
blue while the robust lines are shown in red.
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Figure 4.13: Box and whisker plot: magnitude of normalized cross-correlation C.
Values corresponding to the artifact producing lines are shown in blue while the
robust lines are shown in red.
agation will stop and a new seed RF line is necessary.
4.3.2 Displacement estimation in 2D human prostate
ex vivo data
We re-evaluated the results of the study presented in Chapter 3, using the new
robust tools. The results of the study using the original DP elastography algorithm
by Rivaz et al ([93]) are presented in Chapter 3. Here we present improved results
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from one specimen, for experimental validation of our algorithm on ex vivo data.
Ex vivo ultrasound data was collected from resected human prostates, fol-
lowing prostatectomy. In accordance with the Institutional Review Board approval,
each prostate specimen also underwent a post-operative ultra high-resolution MRI at
9.4 Tesla. The RF ultrasound data were obtained from ACUSON Antares (Siemens
Medical Solutions USA, Malvern, PA, USA), while the specimen was palpated free-
hand using an ultrasound transducer (VF10-5) at a center frequency of 6.67 MHz.
The Axius Direct Ultrasound Research Interface was used to enable RF acquisition
at a sampling rate of 30MHz, with each frame comprising 350 lines of 2236 samples.
Post-operative MR scans were used for anatomical correlation with the strain images.
Compared to the original study where we evaluated the efficacy of the DP
elastography algorithm in uncovering hard tumors in the prostate gland, this time
we focused on improvement on the displacement estimation values and in our ability
to obtain artifact-free elastograms. Local areas of signal decorrelation resulted in
artifacts when the original DP algorithm was used (Figure 4.1 a-b). The use of the
robust tools resulted in an improved, artifact-free elastogram (Figure 4.1 c).
In order to quantify the improvement in the displacement estimation values,
we calculated the ratio between new and old correlation values, line by line in the
axial direction. Figure 4.14 c) shows the improvement in correlation values. 100%
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(a) (b)
(c)
Figure 4.14: Improvement in estimated displacement correlation: original elastogram
(a), improved, artifact-free elastogram with the addition of the robust tools (b) and
correlation ratio line by line (c).
of the lines showed improved displacement estimation values, with new correlation
improving from 1.7 to 12% over the original values (Figure 4.14).
The robust multi-seed algorithm was used for displacement estimation. w
ranged from 0.20 to 0.35 for the seed selection step, and τ1 = 75% and τ2 = 10%
for the displacement propagation step. We discuss in detail below how we dealt
with two challenging situations. Note: the algorithm is designed to handle all the
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steps/decisions mentioned in the situations below automatically.
1. Given sub-image Ik, one or more RF line pairs could be highly decorrelated,
preventing displacement propagation and effectively stopping the progression
of the algorithm. In this prostate data example, we considered the initial sub-
image as the entire frame. RF line pair #146 was selected as seed (Figure 4.15
a, dotted line). During displacement propagation, the algorithm encountered
two decorrelated regions indicated by values for C under the threshold τ1 (see
circled areas in Figure 4.15 a). The values for Cfwd agreed with C as they were
also under the threshold τ1(Figure 4.15 b, c). Two new sub-images were defined
(I11 to the left and I12 to the right) for which the algorithm started anew by
selecting new seed lines.
2. The second situation arises when in a remaining (small) sub-image, the RF
data could exhibit such poor correlation that no line would fit the criteria for a
robust seed selection. Pseudocode of the automatic handling of this situation
is presented in Algorithm 2:
• In our implementation, we maintain an array of size n containing the values
of C for each RF line pair. They are initialized to 0 (zero) and, as each
sub-image Ik is being processed, we update the values of C for each RF
line pair (Alg. 2, lines 1-6).
• When a seed selection is not possible, some lines remain unprocessed. After
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Figure 4.15: Prostate data set example: correlation values for each line pair (a),
forward correlation for displacement propagation in I11 (b), and I12 (c). seed line is
shown by dotted line in (a). Also shown are breaking points due to low correlation
values (circles)
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all sub-images finish propagation, a linear search is used for the detection
of unprocessed lines (Alg. 2, lines 7-8).
• For each such line, a search is initiated to the left adjacent line until a line
with a non-zero value of C is found (Alg. 2, lines 9-13).
• Same search is performed to the right adjacent line (Alg. 2, lines 14-18).
• Cfwd is calculated for the right and left lines bordering the sub-image
without robust seed lines. The highest quality boundary determines which
displacement values will be used for propagation (Alg. 2, lines 14-18). This
insures possible small artifacts will be confined to small regions and will
not impact the displacement estimate of other lines.
In our prostate data example, we needed to select a seed line in sub-image
I11 defined to the left of the frame, consisting of thirty-four RF line pairs. Only one
line pair passed the displacement slope criterion. Continuing on, our threshold τ1 of
75% was not met, so we were left with a sub-image with no suitable seed line. The
lines in I11 were processed at the very end, after the search revealed the presence of
a sub-image without robust seed lines. The highest quality boundary was found to
be line #35, so displacement was propagated from there towards line #1. The final
strain image (incorporating the displacement values from sub-image I12) is presented
in Figure 4.16 b).
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Algorithm 2 Propagate displacement in a sub-image with no suitable seed lines
1: C[n]← 0, 0, ..., 0 . initialization, number of lines = n
2: for i = 1 to n do . during displacement propagation
3: if Ci > τ1 then
4: C[i]← Ci . update the values as each line is processed
5: end if
6: end for
7: for i = 1 to n do . Detect unprocessed lines
8: if C[i] == 0 then
9: j ← i
10: while C[j] == 0 do
11: j ← j − 1 . check the adjacent line to the left
12: end while
13: left← j
14: j ← i
15: while C[j] == 0 do
16: j ← j + 1 . check the adjacent line to the right
17: end while
18: right← j
19: if Cfwd[left] > Cfwd[right] then
20: Propagate from left.
21: else
22: Propagate from right.
23: end if
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Figure 4.16 a) illustrates the importance of selecting a high value for threshold
τ1 in order to maintain high quality strain and to limit artifacts due to local decorre-
lation. In sub-image I11, if we allowed a seed line to be selected with the highest C
value, but lower than 75%, the resulting elastogram would present with an artifact
(Figure 4.16 a) - arrow). Following through with our threshold of τ1 = 75% resulted
in the elastogram Figure 4.16 b), eliminating the artifact.
4.3.3 Displacement estimation in 2D human liver
ablation in vivo data
Seven patients undergoing open surgical RF ablation for primary or secondary
liver cancer were enrolled in our study between February 06, 2008 and July 28, 2008 2.
All patients had unresectable form of the disease and were deemed candidates for RF
ablation following review at our institutional multidisciplinary conference. Patients
with cirrhosis or sub-optimal tumor location were excluded from the study. All pa-
tients provided informed consent as part of the protocol, which was approved by the
institutional review board. RF ablation was administered using the RITA Model 1500
XRF generator (Rita Medical Systems, Fremont, CA). Ultrasound imaging was per-
2The study was conducted under the supervision of Hassan Rivaz. The full results of the study
using the original DP elastography algorithm were presented at the MICCAI and IEEE ultrasonics
conferences in 2008 [94,95]. The data was reprocessed by Ioana Fleming in 2012 using the additional
robust methods.
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(a)
(b)
Figure 4.16: Prostate data set example: Illustration of a sub-image without robust
seed lines. Sub-image I11 is defined at the left of the frame. (a) Elastogram with
artifact (arrow) inside sub-image I11, where the value of threshold τ is set lower
than 75% , (b) τ = 75%. In the absence of any robust seed lines, displacement is
propagated from the adjacent sub-image, resulting in an artifact-free elastogram.
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Figure 4.17: RF ablation therapy of liver cancer patient 2. All imaging was acquired
after the ablation. B-mode (a), Elastography with the robust method (b) - The
thermal lesion shows in as dark, surrounded by normal tissue in white., CT with
delineated thermal lesions (c) and Elastography without the robust method (d-f).
formed after the ablation, where the hepatic tissue was compressed freehand through
direct interrogation at a frequency of approximately 1 compression per 2 seconds,
with no tracking hardware attached to the transducer. After the ablation, the pa-
tients underwent CT imaging to asses the size of the ablated area and the efficacy of
the procedure.
Strain images were generated offline using acquired ultrasound raw RF data.
The study’s goal was to investigate elastography’s ability to accurately asses the size
and location of the ablation thermal lesion. The results of the study with the original
DP algorithms were published in 208 [94, 95]. Here we look at the way the robust
methods improved over the original Rivaz technique.
86
CHAPTER 4. ROBUST DP
Conventional B-mode ultrasound was not enough on its own to asses the size
and position of the thermal lesions. Some thermal lesions obscured the deeper struc-
tures in B-mode imaging, phenomenon known as shadowing (Figure 4.18 a), 4.17 a)).
In addition, the thermal lesion has different appearances in the three B-scans. In
strain images, the robust elastography algorithm uncovered the thermal areas very
well as hard tissue (Figure 4.18 b), 4.17 b), 4.19 b)). After gross correlation between
the delineated lesions on post ablation CT scan and the ablated areas in the strain
images, the size of the thermal lesion appears to correspond well (Figure 4.18 c), 4.17
c), 4.19 c)). Note: the non-unity aspect ratio in the axes of the B-mode and strain
images should be considered when comparing them to the CT scans. A more rigor-
ous validation of the size and shape of the ablated area in the elastography image is
necessary; a three dimensional estimate of the volume of the lesion would be more
suitable for CT correlation.
We produced displacement estimates for the thermal lesions using Rivaz’s tech-
nique [93,92] (Figures 4.18, 4.17, 4.19, (d, e, f)), and also with the additional robust
methods (Figures 4.18, 4.17, 4.19, b). The choice of seed RF lines in poorly correlated
data regions results in artifacts which sometimes obscure the real lesion (Figures 4.18,
4.17, 4.19, d-f - yellow arrows).
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Figure 4.18: RF ablation therapy of liver cancer patient 1. All imaging was acquired
after the ablation. B-mode (a), Elastography with the robust method (b) - The
thermal lesion shows in as dark, surrounded by normal tissue in white., CT with
delineated thermal lesions (c) and Elastography without the robust method (d-f).
Figure 4.19: RF ablation therapy of liver cancer patient 3. All imaging was acquired
after the ablation. B-mode (a), Elastography with the robust method (b) - The
thermal lesion shows in as dark, surrounded by normal tissue in white., CT with
delineated thermal lesions (c) and Elastography without the robust method (d-f).
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Figure 4.20: Elastogrpahy phantom (CIRS, Norfolk, VA) model 049a, presents mul-
tiple stepped cylinders of varying diameters and levels of stiffness.
4.3.4 Displacement estimation in 3D Phantom Data
For 3D evaluation we palpated and scanned a CIRS (CIRS Inc. Norfolk, Vir-
ginia) phantom, model 049A (Figure 4.20). The ultrasound data were obtained from
SonixCEP ultrasound system (Ultrasonix Medical Corp., Richmond, BC, Canada).
The phantom was palpated freehand using the 4DL14− 5/38 transducer at a center
frequency of 6.7 MHz. A passive marker was attached to the transducer and was
tracked using the Polaris optical tracker (Northern Digital Inc., Waterloo, Ontario,
Canada). To enable continuous acquisition of RF data and synchronized tracker read-
ings through the Ultrasonix Research Interface, we used the customizable in-house
MUSIIC software platform [111,52]. The volumes consisted of either 120 or 60 slices.
Approximately 15 forward sweep scans were collected for each series of volumes.
Phantom model 49a includes four types of cylinders with varying diameters
(Figure 4.20). Our 3D scan captured three of these cylinders with an elasticity of
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(a) (b) (c)
(d) (e)
Figure 4.21: Phantom model 49a: the cross-section of all three cylinders with different
elasticity values can be detected in the elastogram. (a) From left to right, the elasticity
of the cylinders is 80 kPa, 45 kPa and 14 kPa, vs. 25 kPa for the background.
The harder cylinders appear darker and the softer one appears brighter than the
background. (b) middle hard cylinder in axial-lateral view, (c) soft cylinder in axial-
lateral view, (d) middle hard cylinder in elevational-lateral view, (e) soft cylinder in
elevational-lateral view.
80 kPa, 45 kPa and 14 kPa, vs. 25 kPa for the background. It is interesting to
observe that our algorithm captured both the harder and the softer cylinders (Figure
4.21). The harder cylinders appear darker and the softer one appears brighter than
the background. This is important as it underscores the advantages of being able to
produce a strain volume which shows both soft and hard lesions, using the maximum
range of the wobbler probe.
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4.3.5 Displacement estimation in 3D in vivo porcine
liver ablation data
In the in vivo experiment, a pig was prepared to undergo liver ablation surgery3.
After gaining access to the liver, an ablation needle was placed in a thick portion of
the liver under ultrasound guidance. The hepatic tissue was ablated using the RITA
ablation device (RITA Medical Systems Inc, Mountain View, California). The result-
ing thermal lesions were 1 to 2 cm in diameter. The ablated zone was then scanned
following the approved protocol during a breath-hold period which lasted less than 20
seconds (Figure 4.22(a)). The strain scans of the two thermal lesions appear in Figure
4.22 d-i, where the ablated regions are clearly visible. The first ablation appears to
be smaller than the second one which was confirmed by the gross-pathology (Figure
4.22(b), 4.22(c)). The diameter of the first lesion is about 1.5 cm whereas the second
lesion is closer to 2 cm. The surgical gauze placed underneath the liver has created
some distortion in the deeper parts of the scans (Figure 4.22(e)).
3The study was conducted under the supervision of Pezhman Foroughi. The full results of the
study were presented in 2013 [37]. The elastography algorithm used for these results included some
of the early versions of the robust methods. The data was reprocessed by Ioana Fleming in 2013
using the additional robust methods developed.
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4.4 Conclusion and future work
We have proposed a robust method for displacement estimation in ultrasonic
strain imaging. This method enhances the dynamic programming approach to dis-
placement estimation, improving its ability to overcome displacement discontinuities
and regions of poorly correlated RF data. The innovative methods proposed for
seed line selection focus on robustness as well as stability over varying algorithm
parameters. The method also addresses the robustness of displacement propagation
using analytic minimization. The new algorithm is one step closer towards achieving
repeatable, user-independent elastograms4.
4Enforcing robustness and stability should not add a significant overhead to the total run-time of
the displacement algorithm. After the initial DP integer displacement estimation on the seed line,
the method is highly parallelizable at every step, from the seed selection tools to the displacement
propagation.
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Figure 4.22: Ex-vivo hepatic ablation. (a) 3D transducer positioned on top of liver
during elastography scan; (b) and (c) Cross-sections of the ablated regions with ruler







Compared to other imaging modalities like CT and MR, ultrasound suffers
from a limited field of view. Monitoring a structure can be particularly challenging
when it is too large to be visualized in a single image or 3D sweep. Size and distance
measurements are unreliable in large organs. Panoramic imaging is emerging as a
prevalent technique used in widening the field of view (FOV) of medical ultrasound
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images. The ultrasound mosaic (also referred to as stitching) aims to achieve several
clinical advantages which come along with extended FOV:
1. improving the understanding of spatial relationships among structures when the
size of a single image/volume is not large enough to cover the entire area,
2. allowing for measurements of size and distance in large organs and lesions,
3. allowing multi-modal registration and fusion with pre-operative data for guid-
ance in minimally-invasive interventions.
In this work we focus on extended FOV displacement estimation with the
goal of creating 2D and 3D elastography mosaics. Elastography maps the mechanical
properties of tissue which can add valuable features to the B-mode panorama. Many
clinical applications deal with large cancerous lesions which expand beyond the span
of one ultrasound image [40]. An ultrasound elastography mosaic can improve the
understanding of the size of the lesion and its layout among surrounding structures. In
the ablation of hepatic cancerous tissue, the size of the HIFU-induced ablative lesions
often exceeds 4 cm in diameter, which is the width of a typical ultrasound transducer.
Thermal lesions are not visible in conventional B-mode ultrasound but a panoramic
ultrasound elastogram can help visualize and monitor the entire ablation area [126]. In
the assessment of venous thrombi, a combination of ultrasound B-mode and Doppler
imaging help detect the presence of the blood clot, but it is elastography which can
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provide its age and clinical grading [29]. An in-plane ultrasound elastography mosaic
can provide mapping of the thrombi all along the femoral vein. It could take up
to eight mosaicked volumes to depict an entire organ like the liver or kidney [88].
Having the corresponding elastography mosaic would allow for registration with pre-
and post-operative imaging data (CT or MRI) which would help with intra-operative
navigation and also with the assessment of treatment efficacy.
Multiple approaches have been published in the literature on 2D and 3D wide
FOV ultrasound mosaics [41, 88, 127, 90], but very little of this literature concerns
registering the underlying strain field. As various sources of decorrelation are usually
affecting the computation of strain images, this problem becomes even more impor-
tant when attempting to generate a unified, wide displacement field. Furthermore,
most elastography algorithms result in qualitative strain; two image pairs with even
very slightly different degrees of compression will produce two strain images in which
different structures could be visible. Another problem rises in the ambiguity of the
interpretation of strain images: low strain can be indicative of high stiffness but this
interpretation may not be the right one if the stress field is not uniform throughout
the tissue [82,62]. To address these issues and to improve the quality of strain images,
several metrics of stability, consistency/persistency and reliability have been devel-
oped [63,51,36]. Here we propose using techniques and tools developed in Chapter 4
to select a stable pair of RF lines which will become the starting point for generating
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a reliable, wide FOV displacement field. Displacement on the seed line pair is calcu-
lated using dynamic programming and later propagated in both lateral directions of
the mosaic using an analytic minimization approach [92]. Each new image pair adds
to the unified displacement field. For proof of concept and validation, we present
2D and 3D elastography mosaics of tissue-mimicking phantom data acquired under a
controlled laboratory setup.
5.2 Methods
Consider a sequence of radio frequency (RF) data (I11, I12) collected at position
t0, before and after the compression of tissue using a 2D ultrasound transducer (Figure
5.2(a)). Each sequence is contains n RF lines of length m. A second sequence (I21,
I22) is collected (Figure 5.2(b)) after the transducer has been moved in the lateral
direction of the probe to position t1, with the help of a moving stage (Figure 5.1). A
vertical stage was used to achieve an almost identical compression rate between the
two sequences. The translation between the two image sequences in the controlled
setup has only one component in the lateral direction of each RF frame:
Tlines = Tmm ∗ n/w (5.1)
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Figure 5.1: Experimental setup.
where w is the width of the ultrasound transducer in millimeters (mm), n is
the number of RF lines, Tmm is the ground truth translation in mm as read on the
stage and Tlines is the corresponding translation as number of RF lines. The overlap
area consists of (n - Tlines) RF lines (Figure 5.3).
5.2.1 2D Pair-wise Mosaicking
The Analytic Minimization (AM) displacement estimation algorithm by Rivaz
[92] has been described in Chapter 4. Integer displacements are first obtained using
dynamic programming (DP) on a single pair of RF lines and then refined to sub-pixel




Figure 5.2: Bmode ultrasound data before and after compression for (a) position t0,
and (b) position t1.




to produce 2D subsample displacements for the entire image (eq. 3.5) . For pair-wise
mosaicking, we aim to find a robust and stable seed RF line in the overlap area which
will serve as the initial guess in the AM propagation.
5.2.1.1 Algorithm Overview
Pair-wise strain mosaicking is implemented as follows:
1. A robust seed RF line from the overlap area is selected using the tools presented
in chapter 4, section 4.2.1 (Figure 5.4-a, b, c).
2. At the end of the sub-integer displacement estimation process on each pair of
RF lines, (Ai = ai+∆ai), (Li = li+∆li) are the axial and lateral displacements
at each sample i. The magnitude of the normalized cross-correlation is used to












where Ī1 and Ī2 are the means of RF values along the seed line s. The value
of C are used as an additional check to verify if the displacement estimate for
the selected seed line is a good fit. If C value falls below a certain threshold
τ1 = 75%, the seed line would be deemed not suitable and the next stable seed
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line would be selected (Figure 5.4-c).
3. Sub-integer displacements values are calculated for seed line s.
4. The sub-integer displacement values are propagated using AM (Figure 5.4-d):
• in one sequence towards the first RF line,
• in the second sequence towards the last RF line.
The unified displacement field will have n + Tlines RF lines and the stitching
will be at RF line number s+ Tlines (Fig. 5.5-a).
5. Generate the ultrasound elastography mosaic from the unified displacement field
(Fig. 5.5-b).
5.2.2 2D Multi-image Mosaicking
Given an existing nt wide displacement map, computed for image pairs 1
through t, our goal is to expand the displacement map to include information from
image pair t + 1. Assuming the ultrasound transducer has been translated towards
the 1st RF line (Figure 5.2), and the same compression was applied for image pair
t+ 1 as for the previous t pairs, we compute the unified displacement field as follows:
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Figure 5.4: Pair-wise Mosaicking workflow: (a) overlap area, (b) candidate seed lines,
(c) seed line selection, (d) displacement propagation in the two sub-images.
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Figure 5.5: Pair-wise Mosaicking workflow, continued: (a) displacement is stitched
along the seed line and, (b) the mosaicked elastogram is obtained from the unified
displacement field.
5.2.2.1 Algorithm Overview
1. Compute the translation T t+1lines between position t and position t + 1 and the
overlap area.
2. Select the seed RF line st+1 in the new overlap area.
3. Use the subinteger values from the wide FOV displacement map at RF line
number st+1 + Tlines as initial values to refine and propagate displacement:
• only in the new sequence towards the first RF line.
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Stitch the newly computed (st+1 + Tlines) lines at the beginning of the previous




4. Generate the new ultrasound elastography mosaic from the updated displace-
ment field.
5.2.3 3D Elastography Mosaicking
In the 3D case, a pair of ultrasound RF volumes (V11, V12) were collected at
position t0, before and after the compression of tissue using a 3D ultrasound wobbler
transducer similar with the one used in Chapter 4 (Figure 4.7). Each volume contains
k frames and each frame has n RF lines of length m. One or more subsequent pairs of
volumes are collected after the wobbler transducer is moved in the lateral direction of
the probe with the help of a moving stage. Once again, a vertical stage was used to
achieve an almost identical compression rate between the two sequences (Figure 5.1).
Using the lateral and axial stages ensures the first frame of the first volume pair is
aligned with the first frame of each subsequent pair volume, and all the other frames
are similarly aligned, with no out-of-plane motion between each position. The same
steps of multi-image mosaicking can be applied on a frame by frame basis, resulting
in an unified displacement field for each elevational position of the wobbler motor.
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Note: Here we employed a fixed rigid setup to control the acquisition of
3D ultrasound data for the proof of concept of 3D strain mosaics. In a routine 3D
ultrasound exam, using stages to control the imaging of a certain human organ or
tissue is not feasible. This limitation of our mosaicking algorithm can be addressed
by making use of an ultrasound probe equipped with a tracking device [37]. As
electromagnetic trackers become integrated into ultrasound transducers, one could
use the tracking information to select ultrasound volumes with aligned frames and
no out-of-plane rotation. In the literature of 3D ultrasound mosaics (B-mode only),
Poon et al. ([88]) have used an ultrasound wobbler probe in combination with a
position tracking system. The tracking information was used as an initial estimate
for the position of the ultrasound volumes. Further refining is achieved later using a
block-matching intensity-based registration.
Using also a wobbler tracked probe, Foroughi et al [37] have successfully im-
plemented and tested a frame selection algorithm which selects pairs of images with
an optimal amount of deformation for strain calculation. The work presented here
makes a case for in-plane mosaicking where lateral translation is the only compo-
nent of the transformation between two ultrasound volumes. The Foroughi algorithm
([37]) can select co-planar frame pairs which can be suitable for generating 2D elas-
tography mosaics using the technique described in this thesis. To account for uneven
rates of compression between frame pairs and also for potential tracker error, the al-
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gorithm performs a fast search for the global deformation and then applies a motion
compensation factor to each frame pair.
5.3 2D Mosaicking Experimental Setup
For experimental validation we palpated a CIRS (Norfolk, VA) elastography
phantom model 049a using a high-frequency ultrasound transducer (L14-5W/60) at
center frequency of 10 MHz (Figure 5.1). Ultrasound RF data was acquired from an
Ultrasonix system (Vancouver, BC) at 40MHz sampling rate. The CIRS phantom
model 049a consists of a series of stepped cylinders of varying diameters (Figure 4.20).
The transducer was placed on top of one of the cylinders, parallel with its direction.
The phantom was placed on a stage which controlled the compression in the axial
direction and the translation in the lateral direction (Figure 5.1). RF data sequences
were acquired from four axial compression levels (c0 = 0, c1 = 2.54 mm, c2 = 5.08
mm, c3 = back to 0), for each of four lateral translation positions of the transducer (t0
= 0, t1 = 5.08 mm, t2 = 10.16 mm, t3 = 20.32 mm), for a total of sixteen data sets.
The width of the ultrasound transducer L14-5W is 59 mm, and as a consequence any
two sets were separated by a minimum lateral translation overlap of 38.68 mm.
Ultrasound elastography images were obtained for each translation position t0
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- t3 ((Fig. 5.6a-d). A pairwise elastography mosaic was produced from positions t0
and t1 (Fig. 5.7 - a), and then multi-image elastography mosaics from positions t0,
t1 and t2 (Fig. 5.7 - b), and t0, t1, t2 and t3 (Fig. 5.7 - c).
5.3.1 Validation
Mosaicking more than two images is usually accomplished by stitching together
pairwise aligned images. The drawback to this technique is that while processing a
new pair in the pipeline, registration errors can be accumulated leading to a false
global alignment the end. If we combine (accumulate) all the pairwise transformations
between consecutive images, we don’t arrive to the same result as by computing the
transformation between the first and last images.
Simultaneous registration of multiple images is an area of active research in
computer vision and have been recently used successfully in 3D B-mode ultrasound
registration ([127]). The accumulation of transformation error is a potential draw-
back of our approach. To quantify the extent of this error, we compared the unified
displacement map between positions t0 and t3 (Figure 5.8 a) with the displacement
field computed by pairwise mosaicking of positions t0, t1, t2 and t3 (Figure 5.8 b). We
aimed to quantify the possible quality loss due to the accumulation of transformation
errors in the pairwise approach by looking at the differences (in pixels) between the
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Figure 5.6: Ultrasound elastography from data acquired at position t0 (a), t1 (b), t2
(c), t3 (d). Yellow line represents a reference line to illustrate the motion between




Figure 5.7: Ultrasound elastography mosaics of positions t0 and t1 (a), t0, t1 and t2
(b), and t0, t1, t2 and t3 (c). Stitching lines are shown in yellow.
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two displacement maps and at their effect on the final mosaicked elastograms.
5.3.2 Phantom Results
Figure 5.8 shows the results of the validation experiment. The two panoramic
displacement maps agree almost exactly; the absolute difference for the entire image
had a mean of 0.0755 and a standard deviation of 0.2386 pixels. The maximum
difference was 2.0168 pixels and it did not exceed 1 pixel on a mean, per-line basis. For
a metric correspondence, 2.0168 pixels, is the equivalent of 0.0406 mm in the axial
direction. Once the displacement maps are converted into elastogram mosaics (Fig.
5.8 e,f), the difference becomes indistinguishable even on close inspection. With the
clinical application in mind, we conclude that these small differences are acceptable.
5.4 3D Mosaicking Experimental Setup
For 3D validation, RF data was acquired using an Ultrasonix system (Vancou-
ver, BC) at 20MHz sampling rate. The same CIRS (Norfolk, VA) phantom model
049a was palpated with a 38mm width linear 4D volumetric transducer (4DL14-
5/38). Similarly with the 2D experiment, the phantom was placed on a stage to






Figure 5.8: Panoramic displacement map of positions t0 and t3 (a), and of positions
t0, t1, t2 and t3 (b), the absolute difference between them (c), and the mean and
standard deviation of this difference, per line (d). The unit of displacement is pixels.
Corresponding ultrasound elastography mosaics of positions t0 and t3 (e), and t0, t1,
t2 and t3 (f).
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Figure 5.9: 3D ultrasound elastography mosaic: axial-lateral plane (a), lateral-
elevational plane (b), and three axial-elevational planes through the three different
diameters of the stepped cylinders (c, d, e)
rection (Fig. 5.1). RF data sequences were acquired from four axial compression
levels (c0 = 0, c1 = 2.54mm, c2 = 5.08mm, c3 = back to 0), for each of five lateral
translation positions of the transducer (t0 = 0, t1 = 5.08mm, t2 = 10.16mm, t3 =




Figure 5.9 shows the results of the 3D ultrasound elastography mosaic. Strain
in the middle frames of the axial-lateral plane (Figure 5.9a), lateral-elevational plane
(Figure 5.9b), and 3 axial-elevational planes (Figure 5.9c-e) is shown.
5.5 Conclusion and Future Work
We have presented an algorithm for generating reliable multi-image ultrasound
elastography mosaics, robust to regions of decorrelation. For proof of concept, we
validated our algorithm on a phantom data set collected under carefully controlled
conditions. Further work is needed to expand the elastography mosaicking technique
for the unconstrained general case. The challenge of mosaicking while freehand scan-
ning can be met by incorporating frame position information from probe tracking.
Efforts are under way to incorporate electromagnetical (EM) tracking in ultrasound
transducers. Additional work is needed to address out-of-plane motion in 3D mosaick-
ing. Panoramic B-mode ultrasound has been reported with success in the literature
and the addition of corresponding panoramic elastograms improves the potential of





Thermal ablation therapies aim to destroy specific tissues of interest in the
human body using energy sources like RF, laser, microwave, or focused ultrasound.
One important area of research is in monitoring the ablative area during treatment.
The success of the procedure lies in delivering the appropriate required thermal dose
in order to insure complete destruction of the targeted tissue, while at the same time
protecting surrounding critical structures.
Among imaging techniques, computerized tomography (CT) and magnetic res-
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onance imaging (MRI) have been used to guide the percutaneous placement of RF
ablation probes ([99]). MRI is generally considered to currently be the only available
method for reliable quantification of temperature changes in vivo ([60, 70]). Despite
this, MRI is seldom used as it is expensive and requires suitable ablation equip-
ment compatible with high magnetic fields, which also makes it difficult to use intra-
operatively, for real-time monitoring.
Ultrasound imaging has been proposed as a guidance and monitoring tool for
thermal ablation. Conventional B-mode ultrasound was found to be mostly suit-
able as a non-invasive visualization tool but not accurate enough for monitoring the
changes in tissue temperature throughout the ablation. Other approaches focused
on estimating changes in tissue due to increased temperature. Initial efforts focused
on the change in speed of sound ([75]), followed by frequency-dependent attenuation
([119]), backscattered power ([112]), and thermal expansion ([103]). A combina-
tion of speed of sound and thermal expansion effects was explored several research
groups [65, 66, 104, 106, 115], who tracked the heat-induced echo-shift in the raw RF
ultrasound data. This technique relies on the fact that both effects of tissue heat-
ing translate in real or apparent motion in tissue. While thermal expansion creates
physical displacement in the ultrasound images, changes in speed of sound result in
an apparent shift, but both effects introduce time-shifts into the received echo signal
along the A-line or beam axis direction ([125]). By tracking this shifts in the time-
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domain and differentiating the displacement estimates along the axial direction one
can obtain the temperature profile.
As discussed in the previous chapters, one of the common challenges for most
tracking-based algorithms is signal decorrelation. In the case of thermal ablation
procedures, this can be due to drift of probes/equipment used, the motion of the
transducer due to patient respiration, cardiac cycle and also to environment factors
like electronic noise. Without proper detection and compensation the estimated dis-
placement map may suffer from motion artifacts, and in turn affect the temperature
map. An accurate estimation of the displacement map is more crucial in the thermal
imaging application where a temperature change of 1o Celsius causes a very tiny tissue
movement of approximately 0.5µm. Solutions for motion compensation in ultrasound
thermal strain images have been attempted recently by several groups. Simon et al
([106]) applied the axial derivative to the displacement field in conjunction with 2D
low-pass filtering in order to remove the motion artifacts. Bayat et al. ([7]) focused on
motion compensation during HIFU therapy. They trained an adaptive filter before the
start of therapy and used the filter coefficients and interference data for enhancement
of the estimated temperature during the HIFU operation . The proposed algorithm
managed to effectively suppress the motion artifacts but it was only tested for a brief
time period of 4 seconds. The authors also acknowledged their model could be ad-
versely affected by heat diffusion, which means the points chosen for training should
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always be outside the effects of heating from the HIFU beam, which for long periods
of monitoring might prove difficult. Dutta et al ([28]) looked at heat-induced strain
imaging for atherosclerotic plaque evaluation. They used exponential smoothing of
their time-series data in an attempt to separate heat-induced strain from mechanical
strain due to the pulsatile nature of blood flow.
In this thesis we propose an iterative motion compensation method for heat-
induced strain estimation. Tissue displacement is first estimated using the dynamic
programming 2D AM technique by Rivaz et al [92], with the additional robust meth-
ods presented in Chapter 4. In the remainder of this chapter we present the it-
erative motion compensation approach which can detect and remove displacement
of tissue due to motion and noise in the environment, thus improving the resulting
heat-induced strain map. The method was validated in phantom data experiments.
6.2 Methods
For ultrasound images acquired during a thermal ablation procedure, we are
proposing a method to detect motion which is not due to the change in temperature
of the tissue.
Consider IK ultrasound RF frames with K = 0, ..., k, acquired during the
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ablation procedure at times t0, t1, ..., tk. I0 was acquired at time t0, when the
ablation probe was just turned on. Ik was acquired at time tk, when the ablation was
considered complete and was followed by the ablation probe being turned off. Let n
be the number of RF lines for each frame, with each signal sampled at i = 1, 2 · · ·m.
We estimate the displacement between frame I0 and each of the other frames I1
- Ik, using the robust methods presented in Chapter 4. At the end of the displacement
estimation process, for the I0 and IK pair of RF frames (K = 1, ..., k), on the j
th pair
of RF lines, Ai
K and Li
K are the axial and lateral displacements at each sample i
(eq. 3.5). We obtain k sets of axial and lateral displacement maps AK and LK , from
which, after differentiation along the axial direction, we obtain origSa and origSl
which we will refer to as the original strain maps.
We continue with the Iterative Motion Compensation algorithm as follows.
For each time tK (K = 1, ..., k):
1. Compute an interpolated image IK
′
based on IK and the cumulative axial and
lateral displacement estimates up to time tK .
2. Estimate displacement between IK
′
and IK+1 using same robust methods as in
















. A mask is meant to detect
the region which would exhibit the lowest amount of motion due to changes
in temperature. Some examples of possible masks are given in the following
subsection.
4. Compute a motion vector (aK , lK), representative of the axial and lateral dis-
placement observed in the mask region.








6. After differentiation along the axial direction, we obtain newSa and newSl which
we will refer to as the new strain maps.
The motion vector (aK , lK) was chosen as the median value of axial and
lateral displacements observed in the mask region. Given the variable area of the
mask region, combined with the fact that we are observing growing values for the
displacements during the ablation process, made us choose the median instead of the
mean value. A choice of mean value can also be affected by pixels within the mask
with extreme high or low displacements.
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Studying the motion detected at each time tK (K = 1, ..., k) can offer insight
into its origin. An experiment where the probe is hand-held would be corrupted by
physiological hand tremor motion. This kind of motion would not be encountered
in experiments where the probe is fixed or supported by a robotic arm. We use the
amplitude of the motion vector (aK , lK) to detect if at any time cycle of the ablation
procedure our data could have been corrupted by high motion in the environment.
One such time cycle has the potential to disrupt the rest of the ultrasound data and
it could affect the final heat-induced strain estimation. Detecting and removing the
data points associated with these events would be beneficial in the clinical setting,
especially for lengthy procedures. We define as an outlier any cycle at time K (K =
1, ..., k) for which displacement dK =
√
(aK2 + lK2) is the displacement at time tK is
outside one standard deviation from the mean:
dK ≥ d̄+ STDd; (6.3)
dK ≤ d̄− STDd, (6.4)
where d̄ = is the mean value of dK and STDd = standard deviation of d
K (K =
1, ..., k). We chose the use one standard deviation from the mean as our threshold
because we wanted to reduce the effect of disruptive high non-heat induced motion.




The Iterative Motion Compensation algorithm continues as follows:
1. Remove all data points from outlier time cycles.
2. Repeat the same steps as in the first iteration for the remaining data points.
3. Detect outlier time cycles for the new motion vectors. Remove data points and
repeat. The algorithm stops when no more outlier cycles are detected.
6.2.1 Low-Motion Area Masks
Our goal was to identify an area of tissue which should be unaffected by the
effects of heating, up to the time the respective ultrasound image was acquired.
A simple and readily available solution was to select everything outside a circle,
centered at the ablation probe tip and of a certain diameter, according with previous
research findings in the literature. We guided our choice of diameter based on reported
literature outcomes of RF ablation in tissue, using along our own experiences as well.
A diameter of 20 mm was considered suitable for our experimental data set (Figure
6.1 top row). From here on, we will refer to this solution as the geometric mask and
will consider it as a benchmark, off-the-shelf solution.
Another approach to low-motion area identification is to use the strain values
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Figure 6.1: Low-motion area masks for the hand-held probe experiment. Top row:
geometric mask with 20 mm diameter. Bottom row: Axial strain based mask with
x = 5 (lowest 5% of strain range).
obtained after displacement estimation. We wanted to select areas of low relative
strain but unlike Bayat et al ([7]), who used a threshold strain value for their adaptive











is the axial strain obtained at the second iteration using interpolated image
data. At each time point in the iteration, the mask selected points for which axial
strain was under a certain x percentage of the maximum strain range: This approach
was more suitable for our method, as strain range would certainly increase over time,
especially in HIFU ablation procedures which can take up to 15-30 minutes, as op-
posed to the experiment by Bayat et al ([7]) which took only 4 seconds. Figure 6.1
122
CHAPTER 6.
Figure 6.2: Experimental setup for data collection. The ex vivo chicken breast tissue
was heated using a pulser/receiver HIFU ablation device. Also visible in the image
are the ultrasound probe and the passive arm used to support the transducer in one
part of the experiment.
bottom row shows the evolution of an axial strain based mask for x = 5, where we
select areas with axial strain within the lowest 5% of the strain range.
6.3 Experimental Setup
To evaluate our method, we conducted HIFU ablation experiments on ex vivo
chicken breast tissue. Figure 6.2 shows the components of our experimental setup.
The HIFU pulse/receiver unit was accompanied by a passive pump with fluid cir-
culation for cooling the HIFU applicators. A robotic arm was used to support the
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ultrasound transducer in one part of the experiment. The tissue was interrogated
using the SonixCEP ultrasound system (Ultrasonix Medical Corp., Richmond, BC,
Canada) with 4DL14− 5/38 transducer at the center frequency of 6.7 MHz. During
the data collection, the temperature of the tissue was monitored and logged using a
temperature reading probe inserted into the tissue. The distance between the tem-
perature reading probe and the ablator probe tip was between 7.00− 10.31 mm. The
temperature was read every 1 second and the readings were saved to a file for later
evaluation. For raw RF ultrasound data capture we used the MUSIIC RF server
(Figure 6.3) [111, 52]. A conventional B-mode image is at the center of the screen
capture, with the ablation probe visible at the center, and also a temperature reading
probe 8.37 mm away from it (Figure 6.3).
Three data sets were collected using this setup. In the first two experiments,
the ultrasound transducer was held by the operator’s hand. The operator attempted
to keep their arm very still throughout the entire data collection time. This was a
difficult task to accomplish, as both ablations lasted almost 20 minutes. In the third
experiment, the ultrasound probe was supported by a passive robot arm (Figure 6.2).
The ablation process consisted of cycles of 100 seconds each, followed by a
pause of 2 seconds, during which the raw ultrasound data was collected. The pause
insured no ablator interference with the ultrasound RF signal. The entire experiment
lasted 10 cycles for the hand-held probe experiments and 11 cycles for the robot-held
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Figure 6.3: Screen capture of the MUSIIC RF server data acquisition system. Visible
on conventional B-mode ultrasound image of the tissue are the ablator probe tip and
also the tip of the temperature reading probe.
experiment. This amounted to 17 minutes for the hand-held probe experiments and
19 minutes for the robot-supported one. The temperature readings started a couple
of seconds before the first cycle. The maximum temperature recorded was 49.7oC
and 51.8oC for the hand-held probe experiment, and 47.5oC for the robot-held one.
The goal of our experiment was to evaluate the efficacy of the iterative motion
compensation algorithm in detecting non-heat induced motion in the ablated tissue.
We hypothesized the detected motion would have a higher amplitude in the hand-held
probe setup than in the robot-held one. We also wanted to assess the improvement
in the estimated heat-induced echo strain and its correlation with the pathology
results. We hypothesized the iterative motion compensation algorithm would improve
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on the strain SNR and CNR of the ablated lesions. Our final goal was to assess the
accumulation of strain with the increase in temperature in regions of interest around
the ablation probe.
6.4 Experimental Results
Gross pathology results from the ablation experiments are presented in Figure
6.4. Cross-sections of the ablated regions are visible, along with a ruler for dimension
estimation. Also visible in every image is the small hole created by the ablation probe
which is generally positioned at the center of the ablated area. Lesions were 1-2 cm in
diameter. For the hand-held probe experiments, the lesions were round and equally
distributed radially from the ablation probe position in the center. In the robot-held
probe experiment however, the ablated area took the shape of a kidney bean, with
more affected tissue positioned on top and to the left of the ablation probe (Figure
6.4 c).
6.4.1 Motion Detection
The first test for the efficacy of our method was in the quality of the detected




Figure 6.4: Gross pathology of ex vivo tissue. Cross-sections of the ablated regions
with ruler visible. Also visible is the position of the ablation probe, at the center of
the ablated tissue. First hand-held probe experiment (a), second hand-held probe
experiment (b) and robot-held probe experiment (c).
amplitude of the detected motion in the robot-held probe data set will be lower
than in the hand-held probe experiments. Figure 6.5 shows the amplitude of the
detected motion in the three experimental setups. Each sub-plot shows the motion
vectors (axial and lateral motion in millimeters) for each time step of the experiment.
Each experiment is shown in one column, with the subplot in each row representing
the motion vectors as detected through the use of four different masks in the IMC
algorithm. The top row used the geometric mask with a 20 mm diameter, while the
other three rows used axial-strain based masks, with thresholds given by x = 5, 10
and 15 % of the strain range (eq. 6.5).
The motion values are also given in Table 6.1. The amplitude of the detected
motion in the robot-held probe data set is one order of magnitude lower than in
the hand-held probe experiments. The unpaired t-test results showed a two-tailed
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Table 6.1: Amplitude of detected non-heat-induced motion in hand-held and robot-
held probe experiments (in mm)
Hand-held Expr. 1 Hand-held Expr. 2 Robot-held Expr.
mean stdev mean stdev mean stdev
Geometric Mask 0.133 0.114 0.291 0.169 0.017 0.009
Axial-strain based mask A 0.127 0.101 0.286 0.419 0.016 0.008
Axial-strain based mask B 0.116 0.091 0.378 0.614 0.019 0.012
Axial-strain based mask C 0.105 0.075 0.248 0.364 0.019 0.012
Figure 6.5: Algorithm detected motion in robot- (right most column) versus hand-
held probe (left columns) data sets. Each row corresponds to a different mask used
during IMC, from top to bottom: geometric mask (20 mm diameter), axial strain
based masks with thresholds given by x = 5, 10 and 15 % of the strain range
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Table 6.2: Amplitude of detected non-heat-induced motion in hand-held vs. robot-
held probe experiments: t-test results. Mean, standard deviation (StDev) and stan-
dard error of mean (SEM) are presented for each group.
Group Hand-held Robot-held Group Hand-held 1 Hand-held 2
Mean 0.2105 0.0174 Mean 0.1203 0.3006
StDev 0.3075 0.0099 StDev 0.0932 0.4076
SEM 0.03438 0.0015 SEM 0.01474 0.0645
p-value <0.0001 p-value <0.0079
p − value of less than 0.0001, which is considered by conventional criteria to be an
extremely statistically significant difference (see also Table 6.2).
The amplitude of physiological human hand tremor in an operating room
setting has been shown to be around 100µm ([107]). Our observed motion amplitude
in the hand-held probe setting was on average 210µm, which suggests our operator
was probably not as skilled as the retinal surgeons in [107], and also that we probably
encountered motion interference from other sources as well. The observed motion
amplitude in the robot-held probe setup was on average 17.4µm.
When relying on a stable hand from the operator for 15-20 minutes, one has
to consider the possibility of fatigue. An unpaired t-test between the first and second
experiments with the probe hand-held revealed a statistically significant difference
between the amplitude of the detected motion in the two groups, with a two tailed
p − value of less than 0.0079 (see also Table 6.2). This can be explained in part by
growing operator fatigue. We also expected to find more outliers (eq. 6.4) in the
detected motion from cycles in the second half of the ablation procedures.
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1. In the first hand-held probe experiment, we found 2 to 4 outlier cycles, depend-
ing on the mask used. The outliers were spread throughout the procedure.
2. The second hand-held probe experimental data was acquired right after the
first one. Our expectation was that it would be more influenced by operator
fatigue. The average amplitude of the motion vectors was more than two times
higher than for the first hand-held probe experiment (Table 6.1). The standard
deviation was also much higher, showing a bigger range for the motions detected
at each cycle. For the geometric mask, we found 4 outlier cycles. For the axial-
strain based masks, we only found 1 outlier cycle, but the amplitude of the
motion vector was higher than (mean + 2 ∗ stdev). All cycles which exhibited
outlier behavior were positioned in the last half of their procedure, supporting
our hypothesis of operator fatigue.
3. In the robot-held probe experiment, we found between 3 and 5 outlier cycles.
The interesting thing to notice is that were found among the first two and and
last three cycles in the robot-held probe experiment. The middle 6 cycles were
outlier-free regardless of the mask used. In the robot-held probe data set, no
cycle exhibited motion amplitudes higher/lower than (mean± 2 ∗ stdev).
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6.4.2 Improving Heat-Induced Strain Maps
Our study’s goal was to improve the heat-induced strain map such that it would
correlate positively to the gross pathology results. Figures 6.6, 6.8 and 6.10 show the
original strain maps ( top row) and the resulting strain after only one iteration of the
IMC method. In every figure, strain maps are presented at each cycle of the ablation
experiment. The geometric mask with a diameter of 20 mm was used on the second
row, while the last three rows show the result of using axial-strain based masks with
different values for x.
The original strain maps fail to capture the ablation lesion in all three ex-
periments. The robot-held probe experiment benefits the most from the motion
compensation approach. The ablation lesion is clearly visible in the new strain maps
(Figure 6.10). Further more, the lesion’s shape, approximate dimensions and position
clearly correlate positively with the pathology results (Figure 6.4 (c)). Our algorithm
compensated for non-heat induced motion present in the environment which, at just
tens of µm, was enough to compromise the original strain estimation.
For the hand-held probe data sets, improvement can be seen at some points
during the ablation process, but the result is not as clearly visible as in the robot-held
probe data set (Figures 6.6, 6.8).
131
CHAPTER 6.
Figure 6.6: Axial strain in the first hand-held probe experiment. Original strain at
the ten data collection points (a). Strain after IMC, from top to bottom: geometric
mask (b), axial strain based masks with thresholds given by x = 5, 10 and 15 % of





Figure 6.7: SNR and CNR of axial strain in the first hand-held probe experiment.
Background and target windows a shown in (a).
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Figure 6.8: Axial strain in the second hand-held probe experiment. Original strain at
the ten data collection points (a). Strain after IMC, from top to bottom: geometric
mask (b), axial strain based masks with thresholds given by x = 5, 10 and 15 % of





Figure 6.9: SNR and CNR of axial strain in the second hand-held probe experiment.
Background and target windows a shown in (a).
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Figure 6.10: Axial strain in the robot-held probe experiment. Original strain at the
ten data collection points (a). Strain after IMC, from top to bottom: geometric mask






Figure 6.11: SNR and CNR of axial strain in the robot-held probe experiment. Back-
ground and target windows a shown in (a).
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The unitless metrics signal to noise ratio (SNR) and contrast to noise ratio









√√√√2 ∗ (s̄b − s̄t)2
(σb)2 + (σt)2
(6.7)
where s̄b and s̄t are the spatial strain average of the target and background
windows, (σb)
2 and (σt)
2 are the spatial strain variance of the background and target,
and s̄ and σ are the spatial average and variance of a window in the strain image
respectively.. Figures 6.7, 6.9 and 6.11 show at the top the axial strain images along
with the target and background windows used for CNR calculation. The SNR was
calculated for the entire image. The values are presented in Table 6.3.
The improvement in SNR as calculated (for the entire strain image) is in-
conclusive for this data set. In the robot-held experiment, average SNR over the
eleven data points stays approximately constant (96 − 99%). The improvement in
CNR however, is clear for every data point in the robot-held probe experiment with
215−292% average (Table 6.3). For the hand-held probe experiments, some SNR and
CNR improvement is noticed, but not all data points are following the trend (Figures
6.9 and 6.11, Table 6.3).
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Table 6.3: Axial strain SNR and CNR in hand-held and robot-held probe experiments
Hand-held E1 Hand-held E2 Robot-held Expr.
SNR CNR SNR CNR SNR CNR
Original 1.335 5.645 4.287 2.553 1.789 5.672
Geometric Mask 1.566 1.122 1.939 5.515 1.757 20.368
Axial strain-based mask A 1.709 1.878 3.365 2.375 1.926 17.869
Axial strain-based mask B 1.599 1.695 2.801 2.884 1.776 22.269
Axial strain-based mask C 1.715 1.458 3.277 3.315 1.719 20.772
To get a clearer picture of the efficacy of the IMC algorithm we needed quan-
titative measures of the improvement in strain estimation. For each data set, we
selected two regions of interest, ROI1 and ROI2, positioned equidistantly between
the ablator probe and temperature reading probe. The ROIs dimensions were ap-
proximately 2 mm x 2 mm. Figures 6.12, 6.13 and 6.14 show at the top the position
of the two ROIs (red and blue) superimposed over B-mode images of the tissue for
every experimental setup. Our goal was to look at the evolution of axial strain vs.
temperature in these two regions of interest. Temperature data was available only at
the tip of the temperature reading probe, so no ground truth temperature data was
available for the selected ROIs. Our two hypothesis were:
1. The axial strain values in the two regions would follow the temperature trend,
with the strain increasing as more heat was deposited into the tissue.
2. The axial strain values in the ROI1, positioned closer to the ablator, would be
higher than the values in ROI2.
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For the robot-held probe data set, all our hypothesis were confirmed: 1) as
the temperature of the tissue increased, the axial strain values in the selected ROIs
also increased. 2) the values of axial strain in the ROI1 (closer to the ablator probe
and thus, warmer) were consistently higher than those in ROI2. Small values for
standard deviation resulted in very tight confidence regions for all the masks used.
Figure 6.14 shows the temperature readings from the robot-held probe experiment in
the top subplot, followed by subplots presenting axial strain measurements in ROI1
(left column) and ROI2 (right column). Each row corresponds to a different mask used
during the IMC algorithm, from top to bottom: geometric mask (20 mm diameter),
axial strain based masks with thresholds given by x = 5, 10 and 15 % of the strain
range We chose to present the mean axial strain in the respective ROI for every time
step, and also the confidence region (mean± 1 ∗ stdev) as a shaded area.
For the hand-held probe experiments, our algorithm estimated higher strain
for the warmer ROI closer to the heat source. The axial strain values however, did not
always follow the temperature rise for the entire length of the procedure. For both
experiments, the detected motion field influenced the estimated axial strain. Cycles
where the motion vector was deemed an outlier translated into axial strain values
which were either very high or very low when compared with the previous time step.
We noticed discrepancies between the axial strain values estimated using different
masks, as the outlier cycle(s) differed with the mask used. Confidence regions were
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Figure 6.12: Two regions of interest (ROI1 red and ROI2 blue) were selected at equal
distances to the ablator probe, to the temperature reading probe (both yellow) and
to each other. (b) Temperature readings from the first hand-held probe experiment
(top subplot), followed by subplots presenting axial strain measurements in ROI1
(left column) and ROI2 (right column). From top to bottom: geometric mask (20
mm diameter), axial strain based masks with thresholds given by x = 5, 10 and 15
% of the strain range Mean axial strain values were calculated for every time step
(black dots); the confidence region (mean± 1 ∗ stdev) is shown as a shaded area.
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Figure 6.13: Two regions of interest (ROI1 red and ROI2 blue) were selected at equal
distances to the ablator probe, to the temperature reading probe (both yellow) and to
each other. (b) Temperature readings from the second hand-held probe experiment
(top subplot), followed by subplots presenting axial strain measurements in ROI1
(left column) and ROI2 (right column). From top to bottom: geometric mask (20
mm diameter), axial strain based masks with thresholds given by x = 5, 10 and 15
% of the strain range Mean axial strain values were calculated for every time step
(black dots); the confidence region (mean± 1 ∗ stdev) is shown as a shaded area.
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also variable between masks, but also from one time step to another and between the
two ROIs (Figures 6.12 and 6.13).
The hand-held probe data sets were great candidates to test the efficacy of
the second part of our IMC algorithm. Both experiments had time cycles with high
motion, which our algorithm could detect and remove. Figure 6.15 shows the original
strain maps (top row), the strain after the first iteration of motion compensation
(middle row) and after the second iteration where data corresponding to outlier time
cycles had been removed (bottom row).Improvement in the heat-induced strain es-
timation makes the ablation lesion clearly visible at the end of the procedure. The
accumulation of axial strain in the two ROIs shows improved correlation with the
temperature curve (Figure 6.16).
We identified two potential situations when the second (and subsequent) iter-
ations of the IMC algorithm might fail to improve the final strain estimate:
1. The corrupted cycles are at the very end of the procedure. Removing them
from the data set cannot improve the previous cycles and it would also leave us
without a final heat-induced strain estimation.
Figure 6.17 is representative of this situation. Although the strain estimation
clearly improved due to the removal of the first 3 outlier cycles, we are still
missing a final evaluation of the position and dimensions of the ablated area.
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Figure 6.14: Two regions of interest (ROI1 red and ROI2 blue) were selected at equal
distances to the ablator probe, to the temperature reading probe (both yellow) and
to each other. (b) Temperature readings from the robot-held probe experiment (top
subplot), followed by subplots presenting axial strain measurements in ROI1 (left
column) and ROI2 (right column). From top to bottom: geometric mask (20 mm
diameter), axial strain based masks with thresholds given by x = 5, 10 and 15 % of
the strain range Mean axial strain values were calculated for every time step (black
dots); the confidence region (mean± 1 ∗ stdev) is shown as a shaded area.
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Figure 6.15: Axial strain in the first hand-held probe experiment, before and after
removal of outliers. Original strain at the ten data collection points is shown on the
top row (a). The strain in the remaining rows was generated using mask A for IMC:




Figure 6.16: Temperature readings from the first hand-held probe experiment (top
subplot), followed by subplots presenting axial strain measurements in ROI1 (left
column) and ROI2 (right column), before (middle row) and after (bottom row) outlier
removal. Note the missing strain data for outlier cycles.
The accumulation of axial strain in the two ROIs shows improved correlation
with the temperature curve (Figure 6.18), but the missing data points prevent
us from clearly unmasking the ablation lesion.
2. One cycle exhibits very high motion which corrupts all/some subsequent cycles.
The second hand-held probe experiment is the one that experienced the highest
non-heat-induced motion. The outlier cycles had very high amplitude of the
detected motion vector. Figure 6.19 shows the strain results for this data set
after the first iteration of motion compensation (middle row) and after the sec-
ond iteration where data corresponding to outlier time cycles had been removed
(bottom row). Although only one outlier cycle was detected and then removed,
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Figure 6.17: Axial strain in the first hand-held probe experiment, before and after
removal of outliers. Original strain at the ten data collection points is shown on the
top row (a). The strain in the remaining rows was generated using mask C for IMC:




Figure 6.18: Temperature readings from the first hand-held probe experiment (top
subplot), followed by subplots presenting axial strain measurements in ROI1 (left
column) and ROI2 (right column), before (middle row) and after (bottom row) outlier
removal. Note the missing strain data for outlier cycles.
there is no improvement in the strain estimation. One explanation could be that
given the very high motion experienced at cycle 9 corrupted the data from the
following cycle as well. In the outlier cycles the amplitude of the motion vector
was on average 1.53mm, more than 10 times higher than the average outlier
amplitude in the first hand-held probe experiment 0.128mm. The last cycle
becomes the outlier of the second IMC iteration but it’s removal in a potential
third iteration has no finality, as it would not be able to produce a final strain
image of the ablation lesion. There is no improvement in the correlation of the
accumulation of axial strain with the temperature curve (Figure 6.20).
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Figure 6.19: Axial strain in the second hand-held probe experiment, before and after
removal of outliers. Original strain at the ten data collection points is shown on the
top row (a). The strain in the remaining rows was generated using mask A for IMC:




Figure 6.20: Temperature readings from the second hand-held probe experiment (top
subplot), followed by subplots presenting axial strain measurements in ROI1 (left
column) and ROI2 (right column), before (middle row) and after (bottom row) outlier
removal. Note the missing strain data for outlier cycles.
6.5 Discussion and Conclusion
We have presented an algorithm for the detection and compensation of non-
heat induced motion in tissue during thermal ablation. Our approach addresses the
motion after each cycle of the ablation procedure. It can detect abnormally high
motion in one cycle and consecutively remove the corrupted data from the heat-
induced strain estimation. The motion compensation experiments run for 17 and 19
minutes respectively, which is much higher than anybody has attempted so far, to
our knowledge. Our results show good estimation of the amplitude of the motion
observed, with higher motion in setups where the ultrasound probe is held by the
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operator versus a robot arm. Our estimated high strain areas aligned well in position
and dimensions with the ablated lesions in gross pathology. Our motion compensation
algorithm significantly improves the strain estimation in the robot-help probe setup.
In hand-held probe experiments, a second iteration for motion compensation might be
needed, as the strain estimation can be further improved by detecting and removing
data points where outliers are detected among the motion vectors. If the detected




Conclusions and Future Work
7.1 Conclusions
Motion estimation in ultrasound has been suffering from the effects of signal
decorrelation. We have developed robust tools in Chapter 4 which deal with areas
of low signal correlation. We have shown improvement in displacement estimation
and the ability to obtain artifact-free elastograms. Building onto the original DP
elastography algorithm by Rivaz ([93, 92], we have addressed both the seed selection
part of the algorithm and also the displacement propagation step. Our algorithm
was validated on phantom, 2D and 3D in vivo and ex vivo animal and human data.
Results were presented in Chapter 4.
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In Chapter 5 we attempted to mosaic two or more motion maps in order to
obtain an extended field of view elastogram. We succeeded to prove the concept in a
very controlled laboratory setting, where we constrained the motion between image
pairs at just the lateral direction. 2D and 3D phantom elastography mosaics were
generated in this setting.
In thermal imaging, the heat-induced echo motion is on the order of microns
and can be easily disturbed by motion from the operator, the patient or other en-
vironment sources. In Chapter 6 we developed a motion compensation algorithm
capable of detecting and compensation for non heat-induced motion. Our algorithm
was capable of detecting motion in two experimental settings: when the ultrasound
probe was held by a human operator and also by a fixed robotic arm. Previous mo-
tion compensation techniques reported good results in thermal imaging experiments
lasting less than 10 seconds. Our experiments lasted for 17 and 19 minutes during ex
vivo ablation procedures, which is a significant improvement over previous literature
reports. Results showed good estimation of the amplitude of the motion observed,
with higher motion in the experimental setup where the ultrasound probe was held by
the operator versus a robot arm. In the robot-held experiment, our motion compen-
sation algorithm significantly improved the strain estimation. In the hand-held probe
experiments, outlier data points were detected and removed and a second iteration




Improvements in ultrasound elastography are difficult to quantify. Although
our robust displacement estimation tools improve our ability to generate artifact-free
elastograms, the lack of a clear ground truth data with respect with hard vs soft tissue
makes it hard to assess this improvement quantitatively. An in vivo study is needed
where gross pathology sections can be perfectly aligned with the ultrasound data
planes. This can insure one-to-one correspondences when trying to assess parameters
such as size and position of detected lesions. Furthermore, rigorous clinical trials are
needed to asses the true clinical impact of our improved elastography technique.
Many clinical applications can benefit from improved ultrasound displacement
estimation. Our lab has been working on integrating a laparoscopic ultrasound probe
with the DaVinci surgical robot. Efforts are under way to incorporate a robust
elastography algorithm for prostatic, renal and other abdominal surgery applications.
The integration with the MUSIIC ultrasound pipeline is under way, which will ensure
seamless data acquizition, processing, visualization and interaction with the results.
Graphical processing units can be used for the displacement estimation step of the
algorithm as parallelization can significantly speed up run times. More experiments
are needed to assess the frame-per rate capability in this environment.
With respect to ultrasound elastography mosaics, more efforts are needed to
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validate the algorithm beyond the proof-of-concept presented in Chapter 5. In three
dimensional data, integration with the frame selection technique of Foroughi ([37])
needs testing in in vivo and ex vivo applications. As the laparoscopic ultrasound probe
has a limited size, the surgical application would benefit most from extended field of
view elastography capabilities. Efforts are also needed for visualizing the resulting
strain mosaics. A big area of future work should include a special evaluation of
elastography (and 2D/3D mosaicking) in the robotic environment:
1. How the elastography results are presented to the user (surgeon)?,
2. How the user is allowed to interact with the data?
3. What are the resulting surgical outcomes specific to each application?
Thermal imaging results presented in Chapter 6 relied on data from three ex-
periments. More validation is needed in laboratory setting, followed by in vivo animal
or human experiments. Clinical trials with high quality ground truth data are also
needed here (just like in elastography), where pathology data needs to be evaluated
from sections oriented in the same plane with the ultrasound data acquisition areas.
Another line of future work is to compare heat-induced echo strain with MRI strain
imaging in in vivo experiments.
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